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A B S T R A C T

This paper presents a ride-comfort strategy for non-stationary road excitations. Because real road inputs are 
transient, accurate identification of their frequency, amplitude, and damping components is essential for sub
sequent comfort assessment. The proposed methodology performs short-time analysis by combining autore
gressive spectral estimation and power spectral density with a nonlinear error-minimization procedure to 
estimate the frequency components of the road signal, so precise comfort analysis can be executed. The approach 
is first validated on a controlled synthetic signal built from 15 sinusoids with predefined frequency, amplitude 
and damping values in different windows over a 10 s signal. In the synthetic validation case, the method 
recovered the imposed components with frequency errors below 0.5%, amplitude errors below 8%, damping 
errors within 5%, a mean absolute window-wise VDV error of 1.7%, and a maximum absolute VDV discrepancy 
of 5.8% across the nine analysis windows. These low errors indicate that the reconstructed signal preserves the 
event severity, supporting practical comfort comparison between road excitations. The coherence between 
original and reconstructed signals supports the reconstruction accuracy, with a minimum mean coherence of 
0.91, while time-frequency trends are visualized with Campbell diagrams to track natural frequencies emerging 
within windows. Then, the proven methodology is applied to three non-stationary real world road measurements 
obtained from experiments. Based on the identified components, ride-comfort metrics are computed following 
ISO 2631-1. The resulting reconstruction-based representation of transient components enables comfort studies 
for virtual development of automotive systems under realistic time-varying excitations.

1. Introduction

Ride comfort has become a critical design target with the rise of 
electric and autonomous vehicles (AVs). In battery electric vehicles 
(BEVs), the reduction of powertrain-related vibration and acoustic 
masking increases occupants’ sensitivity to road-induced, suspension- 
related and structurally transmitted vibrations. At the same time, 
automated driving shifts occupants towards a more passive role, making 
motion comfort a key acceptance factor. Recent surveys and noise, vi
bration and harshness (NVH) case studies report that ride comfort ranks 
alongside range for BEVs and strongly influences acceptance in AVs [1,
2]. Consequently, identifying the specific causes of vibrations (even 
when they occur only for short time intervals) is essential for mitigation 
and virtual development. Related vibration-based approaches have also 
shown that vehicle response measurements can be exploited to infer 
pavement roughness in a practical and cost-effective manner, 

reinforcing the value of extracting road related information directly 
from measured vibration signals [3].

Ride comfort, although subjective, can be assessed with frequency- 
based models that relate vehicle vibration components to human 
perception. The low-frequency structural ranges commonly discussed in 
ride studies are considered (Ride 0.5–5 Hz, Shake 5–25 Hz, Harshness 
25–80 Hz, and >80 Hz) [4–7], and comfort is quantified using the Vi
bration Dose Value (VDV) per ISO 2631-1 [5] because it integrates 
frequency-weighted magnitude and exposure duration, emphasizing 
short-duration peaks and shocks [6]. In this workflow, VDV is evaluated 
on a window-by-window basis.

Despite significant progress in accurate comfort predictions, three 
limitations persist: (i) most PSD-based studies assume stationary exci
tations, underrepresenting brief but perceptually important transients 
[8,9]; More recent PSD-based road characterisation studies remain 
highly valuable for describing surface roughness and generating 
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representative virtual surfaces, but they are still not intended to resolve 
the time localisation of short transient events that dominate comfort 
perception [10]; (ii) Autoregressive (AR) approaches are rarely com
bined with comfort metrics, preventing a direct link between spectral 
findings and occupant perception [11,12]; (iii) simulator based works 
such as [13] demonstrate accurate replication of road transients on a 
Stewart platform, yet they still rely on computationally heavy analytical 
models and do not address the BEV/AV comfort envelope [14]. Recent 
observer-based control studies further highlight the relevance of robust 
estimation under uncertainty, disturbances and measurement noise. 
Although interval observers for switched nonlinear PDE systems and 
extended-state-observer-based control strategies for steer-by-wire sys
tems are not ride-comfort methods, they support the need for bounded 
parameter estimation, disturbance-aware interpretation and quality 
screening when transient dynamic signals are used for subsequent 
comfort or control-oriented assessment [15,16].

To overcome these limitations, a short-time identification and 
reconstruction tool is developed to estimate the frequency, amplitude, 
and damping of a signal and thereby assess the impact of component 
modifications on comfort through simple, cost-effective transient tests 
performed on the real or virtual vehicle. By analysing real-world ma
noeuvres such as bump crossings or braking inputs, the methodology 
enables the identification of frequency, amplitude, and damping com
ponents that characterize the vehicle’s dynamic response. Campbell 
diagrams are then used to visualize time frequency trends and highlight 
natural frequencies emerging within transient windows, linking identi
fied components to comfort-relevant responses.

A central challenge is to isolate the frequency content of time- 
varying signals in the presence of brief events. Global, block-wise ana
lyses tend to blur transient phenomena, whereas short-time, window- 
based processing exposes discrete mechanical or road-induced events 
relevant to comfort [8]. In this work, an adaptive windowing strategy is 
adopted: starting from a minimum window length, windows are 
adjusted to zero-crossing locations. This strategy provides sufficient 
temporal resolution to capture transients while improving the coherence 
of the subsequent parametric identification and reconstruction in each 
window [8,17,18].

The article is structured in three main parts. First, the methodology is 
introduced, and the comfort-weighting model is detailed. Second, the 
approach is validated on a synthetic test signal composed of 15 known 
components by reconstructing each window, computing the VDV, and 
quantifying the coherence. Finally, the same workflow is applied to 
three real-world transient road scenarios to demonstrate its performance 
under real road transient signals.

As a result, the methodology enables transient vibration responses to 
be decomposed into damped components and their contribution to 
comfort to be quantified on an event-by-event basis.

2. Method foundations

This section presents the methodological framework used to extract, 
reconstruct and evaluate the dominant vibration components of real- 
world transient road signals. The procedure combines an adaptive 
zero-crossing-based windowing, autoregressive (AR) spectral identifi
cation and a windowed numerical fitting stage using damped sinusoidal 
components, enabling the transient waveform to be reconstructed from 
physically interpretable frequency, amplitude and damping parameters. 
Building on the AR-based approach of Santos Arconada et al. [14], the 
present work extends the method in three directions: it accommodates 
more complex transient waveforms, improves the detection of dominant 
frequency components and refines their amplitude and damping 
through nonlinear fitting, and integrates a robust windowed fitting stage 
directly linked to ride-comfort metrics.

The overall workflow consists of four stages. First, the measured 
signal is pre-processed and segmented into individual transients by 
means of zero-crossing events with a positive local trend, and each 

segment is mapped to a well-defined adaptive analysis window. Second, 
an AR model is fitted to each window to obtain a compact spectral 
description and to identify the dominant damped frequency compo
nents. Third, these components are used as initial information for a non- 
linear sinusoidal fitting procedure that refines amplitudes and damping 
ratios and reconstructs the transient response. Finally, the reconstructed 
time histories are screened using magnitude-squared coherence and 
post-processed to compute Vibration Dose Values in accordance with 
ISO 2631–1, providing a consistent basis for ride-comfort assessment.

2.1. Signal preprocessing (filtering and window segmentation)

The measured road signal is first low-pass filtered to attenuate high- 
frequency noise and small oscillations around zero that would otherwise 
generate spurious events. In all real-data applications considered in this 
article, an off-line fourth-order Butterworth low-pass filter with a cut-off 
frequency of 80 Hz is applied [19], implemented in zero phase by for
ward and reverse filtering and symmetric reflection padding at both 
ends of the signal [20]. This combination removes unwanted 
high-frequency content while preserving the timing and shape of the 
transients, which is essential for subsequent comfort-oriented vibration 
analysis [21].

The adaptive windowing strategy combines a nominal spectral- 
identification criterion with a practical zero-crossing-based segmenta
tion procedure. In the present implementation, the AR-based PSD is 
evaluated on a frequency grid ten times finer than the basic FFT bin 
spacing used as numerical reference. Therefore, for a window of dura
tion (T), the nominal FFT bin spacing is approximately ΔfFFT = 1/T, 
while the frequency grid used for AR-PSD peak localisation is approxi
mated as ΔfGRID = ΔfFFT/10 = 1/10T. This grid refinement does not 
imply that the finite record has unlimited physical resolving power. 
Rather, it provides a dense evaluation grid for the parametric spectral 
model, allowing the dominant AR spectral peaks to be localised more 
accurately than with the raw FFT bin spacing. Based on a target grid 
spacing close to 0.1 Hz, the corresponding nominal window duration is 
approximately Tnom ≈ 1 second. This nominal duration is not imposed as 
a fixed window length. It defines only the target duration used to search 
for the next suitable zero-crossing boundary.

Starting from the initial point of the current segment, all zero 
crossings of the filtered signal, including samples that lie very close to 
zero, are detected. Closely spaced crossings are then grouped and 
reduced to a single representative event. For each group, the local 
behaviour of the signal around the crossings is examined, and only those 
crossings that satisfy two conditions are retained: (i) the sample 
immediately before the crossing is non-positive, and (ii) the signal ex
hibits a net positive trend within a short time interval after the crossing. 
If several crossings meet these conditions within the same group, a single 
crossing is selected according to the local slope pattern, while the others 
are discarded. Among the admissible positive-slope zero-crossings 
located around the nominal duration, the crossing closest to Tnom is 
selected as the final boundary of the current window.

Therefore, the actual duration of each window, varies slightly ac
cording to the input signal, although it remains centred around the 
nominal duration used for spectral identification. The segmentation 
should therefore be understood as an adaptive zero-crossing procedure 
rather than as a fixed-duration windowing scheme. In addition, 
consecutive representative crossings that would define windows shorter 
than a user-defined minimum duration are merged or rejected, so that 
only segments longer than this minimum window length are kept for 
analysis. This minimum duration is not a second fixed window length, 
but a lower acceptance threshold introduced to avoid analysing very 
short zero-to-zero intervals that may result from local noise or small 
oscillations around equilibrium rather than from meaningful transient 
events. Such short windows provide insufficient time support for reliable 
AR parameter estimation and make the separation of close frequency 
components more sensitive to noise and model-order selection. 
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Therefore, the minimum window length acts as a lower bound that 
preserves enough spectral information while maintaining the temporal 
localisation needed to describe short-lived road transient events. This 
procedure removes spurious oscillations around zero while preserves the 
theoretical requirement of windows starting and ending at zero and 
ensures a stable set of onset markers and suitably long windows for 
transient definition [22,23].

For each accepted pair of consecutive zero crossings, the endpoints of 
the corresponding segment are finally adjusted so that the window starts 
and ends exactly at zero. This is done by locally interpolating between 
the boundary sample and its nearest neighbour. If a boundary sample (ta,
xa) is followed by(tb, xb)and xaand xbhave opposite signs, the zero- 
crossing time is estimated by linear interpolation as 

t0 = ta − xa
tb − ta
xb − xa

, x0 = 0 . (1) 

The boundary sample is then replaced by (t0,0) while the remaining 
samples of the segment are left unchanged. This local endpoint correc
tion removes residual offsets at the window boundaries and yields 
windows that start and end at zero, which are well suited for the sub
sequent autoregressive analysis [24,25].

Each accepted segment is then resampled to a fixed length of L = 2N 

samples. In this work, N = 10 was used, resulting in L = 1024 samples 
per analysis window. This resampling step gives all windows the same 
numerical length after their adaptive physical duration has been 
defined. This fixed length provides a common numerical representation 
for all windows and keeps the AR-PSD evaluation procedure consistent 
across segments, while the physical duration of each window remains 
adaptively defined by the zero-crossing boundaries. Although the 
discrete Fourier transform can be evaluated for arbitrary record lengths, 
power-of-two lengths are computationally advantageous for FFT-based 
numerical operations [26]. The final endpoint of the current window 
is then used as the initial point of the following window, resulting in a 
sequential and non-overlapping adaptive segmentation of the transient 
response.

The sensitivity of the segmentation is mainly governed by the nom
inal window duration and the zero-crossing endpoint correction. Short 
windows improve temporal localisation but reduce the amount of data 
available for AR parameter estimation, making closely spaced compo
nents more sensitive to noise and model-order selection. Long windows 
improve spectral stability but may blur transient behaviour and weaken 
the local-stationarity assumption required for AR-based identification. 
Inaccurate endpoint correction may also introduce boundary disconti
nuities and spectral leakage. The selected strategy therefore provides a 
compromise between spectral discrimination, transient localisation and 
numerical repeatability across consecutive windows.

2.2. Frequency components identification through autoregressive model 
spectral analysis

Unlike a classical FFT-based periodogram, the frequency component 
identification in the proposed workflow relies on an autoregressive 
power spectral density estimate. Parametric autoregressive spectral es
timators can provide higher apparent spectral resolution than classical 
non-parametric FFT-based estimators for short data records, provided 
that the analysed signal is adequately represented by the selected 
autoregressive model order [27,28]. This property makes AR-based 
spectral estimation particularly suitable for the identification of nar
row spectral peaks in short transient windows.

Before estimating the spectral content, each transient window ob
tained is mapped onto an internal uniform time grid. For a given 
window j, the absolute time axis is shifted so that the transient starts at 
t = 0, and the window duration Tj is recorded. The signal is then rep
resented on the fixed grid of L = 2N samples defined in Section 2.1
using shape-preserving cubic interpolation. This common representa
tion provides a consistent numerical basis for the AR spectral 

estimation and for the comparison of frequency components across 
windows.

Autoregressive (AR) models provide a parametric description of a 
locally stationary time series in which each sample is expressed as a 
linear combination of past samples (M) plus a prediction error [29]. In 
practical terms, the AR model is used here to obtain a compact spectral 
representation of each short transient window before the nonlinear 
reconstruction stage. For a transient window of N uniformly sampled 
points 

ẍ(n) =
∑M

i=1
aiẍ(n − 1)+ ε̈(n), (2) 

where ẍ(n) is the current value of the signal, aiare the AR coefficients 
(predictor weights), M is the model order that indicates the number of 
the past values used to predict the current value and ε̈(n) is the pre
diction error. The Autoregressive process can also be formulated in the z- 
domain for spectral analysis. The z-transform of the AR model is 
expressed as 

X(z) =
∑M

i=1
aiX(z)z− i + E(z), (3) 

where X(z) is the z-transform of the signal and E(z) the z-transform of 
the predictive error. Reorganizing Eq. (3), leads to 

X(z)

(

1 −
∑M

i=1
aiz− i

)

= E(z). (4) 

From Eq. (4) the AR synthesis filter transfer function in the z-domain 
is defined as the output-to-input ratio 

H(z) =
X(z)
E(z)

=
1

1 −
∑M

i=1aiz− i
. (5) 

The Power Spectral Density (PSD) of the AR process is obtained from 
the frequency response of the transfer function evaluated on the unit 
circle z = ejw. This results in the following expression for the PSD 

R
(
ejωd
)
=

⃒
⃒
⃒H
(
ejωd
)2
⃒
⃒
⃒σ2

p =
σ2

p
⃒
⃒1 −

∑M
i=1aie− jwi

⃒
⃒2
, (6) 

where σ2
p is the variance of the prediction errorε(n), and H

(
ejωd
)

is the 
frequency response of the AR model evaluated at the angular frequency 
ωd = 2πfd, where fd is the damped natural frequency in hertz. For each 
transient window, the AR coefficients are collected in the vector a =

[a1, ..., aM]
T . The model order M is selected by scanning a candidate 

range [Mmin, Mmax] on a representative subset of windows. For each 
candidate order M, an AR(M) model is identified and the corresponding 
prediction-error variance σ2

p(M) is computed. An Akaike-type informa
tion criterion is then evaluated as 

AkIC(M) = Lln
(

σ2
p

)
+ 2M, (7) 

where L is the number of samples in the window. The order M̂ that 
minimizes AIC(M) is retained and subsequently used for all windows to 
ensure a consistent spectral resolution across the dataset [30].

In this application, the AR-based spectral analysis provides robust 
estimates of the dominant damped frequencies, even for short noisy 
transient windows [27,31]. In contrast, the amplitudes and damping 
ratios inferred directly from the AR poles show large bias and variability 
for the window lengths considered here, and do not reproduce the 
measured transient waveforms with sufficient accuracy [32–34]. 
Therefore, the AR model is used solely to obtain robust frequency esti
mates, while amplitudes and damping ratios are estimated in the 
nonlinear fitting stage described in Section 2.3 [35].
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2.3. Amplitude and damping identification through non-linear sinusoidal 
fitting

In this stage, each transient window is approximated in the time 
domain by a sum of damped sinusoids. The model parameters are esti
mated via non-linear least-squares fitting, with the number of modes 
Kj and the initial values of the dominant frequencies and amplitudes 
informed by the AR-based spectral analysis described in Section 2.2. 
This stage refines the modal amplitudes, frequencies and damping ra
tios, allowing each transient window to be reconstructed from physically 
interpretable parameters.

For a given window j, defined on a relative time axis t, the measured 
acceleration signal yj(t) is approximated as 

yj(t) =
∑Kj

m=1
Aj,me− ζj,mwn,j,mtsin

(
wd,j,mt

)
, (8) 

where Kj is the number of retained modes, Aj,m is the modal amplitude, 
ζj,m is the damping ratio and ωd,j,m = 2πfd,j,m is the damped circular 
frequency associated with the m-th mode in window j. The corre
sponding natural frequency is obtained from the standard relation for 
underdamped single-degree-of-freedom systems wn,j,m = wd,j,m 
( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 − ζ2
j,m

√ )− 1
, fn,j,m = wn,j,m(2π)− 1 so that each fitted mode directly 

yields both a damped frequency fd,j,m and a natural frequency 
fn,j,m consistent with a second-order oscillator.

For each window j, the number of modes Kj is set equal to the 
number of significant spectral peaks detected in the AR-based PSD of 
Section 2.2. These peak frequencies provide the initial values f (0)d,j,m. The 
associated AR spectral magnitudes are used to construct consistent 
initial amplitudes A(0)

j,m, while the damping ratios ζj,m are initialized with 

a predefined value ζ(0) used only to start the optimization. All parame
ters are then refined by the non-linear fit.

Before fitting, the measured signal in window j is resampled on a 
uniform time grid tn ∈

[
0,Tj

]
with a fixed time step Δt = 10− 3 seconds 

using shape-preserving cubic interpolation. This time-domain interpo
lation provides a consistent reference signal for the nonlinear fitting 
stage and preserves the transient peak shape required for accurate 
amplitude and damping estimation. This produces a reference vector 

yref
j (tn) against which the parametric model yj

(
t; pj

)
is compared 

Jj

(
pj

)
=
∑Nj

n=1

[
yref

j (tn) − ŷj
(
tn;Pj

)]2
. (9) 

The optimization is performed under simple bound constraints that 
enforce physical plausibility and reduce parameter correlation. Ampli
tudes are constrained between zero and the maximum absolute value of 
the measured signal in the window; damped frequencies are restricted to 
lie in a neighbourhood of their AR-based initial valuesfd,j,m = f (0)d,j,m ± ε,ε 
= ±0.3fd,j,mhere, and damping ratios are limited to the underdamped 
range 0 ≤ ζj,m ≤ 0.3. These bounds, together with the AR-based initial
ization, stabilize the fit and avoid unrealistic heavily damped modes.

Because the cost function Jjis non-convex and may contain several 
local minima, a multi-start fitting strategy is adopted. This means that 
the same fitting problem is solved several times using different optimi
sation routines, reducing the risk of retaining a solution associated with 
a local minimum. For each window, up to five optimization trials are 
carried out, combining constrained non-linear least-squares algorithms 
of Levenberg–Marquardt type [36], bounded Nelder–Mead simplex 
searches [37] and a global particle-swarm optimization (PSO) [38]. 
Levenberg–Marquardt algorithms is a standard tool for nonlinear 
least-squares curve fitting and is widely used in vibration and 
rotor-dynamic applications because it exploits the local quadratic 
structure of the cost function and converges rapidly when a reasonable 

initial guess is available [39,40]. Nelder–Mead is a derivative-free sim
plex method that is particularly attractive for noisy or mildly 
non-smooth objective functions and has been successfully applied to 
parameter identification in low signal-to-noise scenarios [41,42]. PSO is 
a population-based global optimizer that has proven effective for modal 
parameter identification and structural model updating in the presence 
of multiple local minima and strong measurement noise [43–45].

In the present work, all three solvers operate on the same model ̂yj(t), 
with the same bounds and AR-based initial frequencies. Each algorithm 

produces a candidate parameter vector p(r)
j and a residual value Jj

(
p(r)

j

)
; 

the solution with the smallest residual is retained as the final set of 
modal parameters for that window. This multi-start, multi-algorithm 
strategy combines the fast local convergence of gradient-based solvers 
with the robustness of direct-search and population-based methods and 
yields stable modal amplitudes and damping ratios even for short, noisy 
road-induced transients. The resulting window-wise modal parameters 
and reconstructed waveforms are then used as the basis for the 
windowed VDV and coherence analyses described in Section 2.4.

2.4. Signal quality evaluation and comfort metrics

Once the transient signal has been reconstructed as a sum of damped 
sinusoids in each window, the reconstructed response is first evaluated 
in terms of spectral consistency before the comfort metrics are inter
preted. This quality-control step is included to verify that the fitted 
components preserve the dominant spectral content of the correspond
ing measured transient.

To assess the quality of the reconstructed signal and ensure that VDV 
values are based on physically meaningful fits, each window is also 
evaluated using spectral coherence. In this work, coherence is used as a 
frequency-dependent indicator of reconstruction quality. Specifically, 
we compute the magnitude-squared coherence function γ2

j (f) between 
the pre-processed measured signal and its reconstructed counterpart, 
using standard cross-spectral estimators as in classical random-data 
analysis [46]. The coherence between two signals (x and y) is defined as 

γ2
j =

⃒
⃒Gxy,j(f)

⃒
⃒

Gxx,j(f)Gyy,j(f)

2

, (10) 

where Gxy,j(f) is the Cross Power Spectral Density (CPSD) of both signals 
(x and y for the given window j) which describes the shared frequency 
content between the measured and reconstructed signals, and Gxx,j(f)
and Gyy,j(f) are the Power Spectral Density (PSDs) of xj and yj respec
tively. The coherence satisfies 0 ≤ γ2

j (f) ≤ 1, values close to 1 indi
cating that the reconstructed signal is strongly related to the measured 
signal at frequency f , while values close to 0 indicate a poor recon
struction in that frequency range [47].

For reconstruction-quality screening, the magnitude-squared coher
ence was averaged over the analysis band using the reference PSD as a 
weighting factor. This weighted formulation gives greater relevance to 
frequency regions where the original signal contains significant energy 
and avoids over-penalising low-energy bands where coherence values 
are less meaningful for the reconstructed response. The reconstructed 
signal itself corresponds to the complete pre-processed event response, 
whereas the coherence indicator used to support comfort-oriented 
interpretation was evaluated over the 0.5 to 80 Hz band, consistent 
with the acceleration-based assessment range of ISO 2631-1.

The weighted average coherence was used as a quality-screening 
indicator before interpreting the VDV values. Since magnitude- 
squared coherence ranges from 0 to 1, values close to unity indicate 
that the reconstructed signal preserves the spectral structure of the 
reference signal in the analysed band [47,48]. Therefore, windows with 
weighted average coherence equal to or above 0.90 were classified as 
highly reliable reconstructions. Values between 0.80 and 0.90 were 
considered acceptable but interpreted with caution. Values below 0.80 
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were flagged as low-confidence reconstructions. These thresholds were 
used as practical quality-screening criteria for interpretation and were 
not used to tune the fitting procedure.

After this quality-control step, the reconstructed signal is used to 
compute a frequency-weighted vibration dose value (VDV) consistent 
with ISO 2631-1 recommendations for ride-comfort assessment. The 
VDV was computed for all reconstructed windows. However, windows 
with weighted average coherence below 0.80 were retained in the 
analysis but interpreted as low-confidence cases when discussing the 
comfort results, because their reconstructed spectral content was not 
considered sufficiently consistent with the measured signal.

Additionally, the coefficient of determination R² was computed be
tween the pre-processed measured signal and the reconstructed signal in 
each window as a direct measure of time-domain agreement between 
the pre-processed measured signal and the reconstructed signal. R² 
quantifies the proportion of the reference signal variance reproduced by 
the reconstruction and was used as a complementary indicator of 
reconstruction accuracy.

For comfort assessment, a frequency weighting Wa(f) is applied that 
depends also on the measurement axis (x, y, z,Δx,Δy,Δz) in line with 
ISO 2631-1 so that the method can be applied uniformly to different 
directions of whole-body vibration. In the present implementation, this 
weighting is applied to each identified amplitude corresponding to each 
reconstructed frequency component in window j, with damped fre

quency fd,j,m by a scalar factor Wa

(
fd,jm

)
. The resulting weighted accel

eration signal aw,j(t) = Wa

(
fd,jm

)
∗ a(t) emphasizes the frequency band 

most relevant to comfort and then it is used to compute the vibration 
dose value for window j in the standard form 

VDVj =

⎛

⎝
∫T

0

aw
4(t)dt

⎞

⎠

1
4

, (11) 

with units of m s− 1.75. Because of the fourth-power integration, short 
windows containing large transients contribute disproportionately to 
VDVj, which makes this metric well suited to quantify transient road 
excitations in ride-comfort studies [5,6,49,50]. Here, VDV is interpreted 
as an event-wise vibration dose rather than as a full-route exposure 
value. Its fourth-power formulation is particularly sensitive to high ac
celeration peaks, making it suitable for comparing the relative severity 
of isolated transient manoeuvres under controlled conditions. The re
ported values therefore represent event-severity indicators rather than 
complete-route exposure values. For longer driving scenarios, individual 
event contributions could be accumulated using the standard 
fourth-power VDV summation.

Finally, a Campbell-type diagram is constructed from the windowed 
spectra to visualize the evolution of the dominant vibration components 
along the manoeuvre. In this work, it is used as a time-frequency map of 
the transient response. For each transient window, the magnitude of the 
auto- or cross-spectral estimate is mapped onto a time–frequency plane 
using the window index as a proxy for time, yielding a colour map |S(f ,
j)| as a function of frequency and window number. This representation, 
commonly used in rotating machinery and vehicle NVH analysis, is 
particularly useful to highlight frequency components that are only 
active in a subset of windows (e.g. local resonances or manoeuvre spe
cific events) and to provide a compact overview of how comfort-relevant 
components in the 0–80 Hz range appear, shift and decay over succes
sive windows, complementing the window-wise VDV and coherence 
metrics.

3. Methodology validation

To validate and illustrate the effectiveness of the proposed method
ology, a synthetic test case is generated using a synthetic signal 

composed of 15 sinusoidal frequency components. These components 
cover a representative frequency range relevant for ride comfort anal
ysis. Each component is precisely defined by its frequency, amplitude 
and damping factor.

The synthetic signal is processed using the same workflow described 
in Section 2, including low-pass filtering, zero-crossing based segmen
tation, AR spectral analysis, non-linear sinusoidal fitting and comfort 
evaluation via VDV (Z-axis). For each window, the identified parameters 
are used to reconstruct the signal, and the reconstructed response is 
compared directly with the original synthetic one.

Fig. 1 compares the original synthetic signal with the analysed and 
reconstructed responses. The upper plot shows the complete time his
tory, illustrating the close agreement between the reconstructed and 
synthetic signals. The lower panel provides a zoom of the first transient 
window together with the identified spectral peaks plotted on a loga
rithmic scale. The first window was chosen for illustration, as it most 
clearly reveals all the relevant frequency components. The right panel 
reports the relative errors of the identified components (frequency, 
amplitude and damping ratio) for each component in this first window.

The comparison demonstrates the methodology’s capability to 
accurately identify and reconstruct individual frequency components, 
affirming its suitability and robustness for analysing real-world transient 
ride comfort signals. The results for the first window show excellent 
accuracy in the identification of the frequency components, with signed 
relative errors below 0.5% for all targets and values tightly clustered 
around zero. Damping shows a higher dispersion than the other iden
tified parameters, although the signed relative errors remain within 5% 
and are small for most components. Amplitude identification presents 
signed relative errors below 8%, with a slight tendency towards un
derestimation in several components. Since damping controls the 
exponential decay of each reconstructed component and amplitude de
fines its initial magnitude, uncertainties in both parameters can affect 
the effective amplitude envelope of the reconstructed signal and, 
consequently, the VDV obtained from the fourth-power integration of 
the weighted acceleration.

To assess the isolated effect of damping uncertainty, an additional 
sensitivity check was performed on the synthetic validation signal. In 
this check, all identified damping ratios were conservatively perturbed 
by ±5%, while the frequencies, amplitudes, window definition and VDV 
calculation procedure were kept unchanged. The resulting variation in 
the reconstructed VDV remained below 0.5% with respect to the nom
inal reconstructed signal. This indicates that, for the synthetic validation 
case, the isolated effect of the observed damping uncertainty on the final 
VDV estimate is limited. From a comparative analysis perspective, this 
value can be interpreted as a small uncertainty margin for VDV-based 
comparisons obtained with the proposed reconstruction procedure. 
Therefore, when the VDV difference between two events or design 
configurations is clearly larger than this margin, the resulting comfort 
comparison is expected to remain robust. Conversely, if two configura
tions produce nearly identical VDV values, this damping-related un
certainty should be considered before drawing a final design conclusion.

The slight amplitude underestimation observed in some components 
is mainly attributed to spectral leakage, finite-window effects and the 
zero-crossing-based definition of the transient windows. Since the fitting 
is performed on short non-stationary segments, part of the signal energy 
may be redistributed among neighbouring frequency components, 
leading to slight amplitude underestimation in some modes. In addition, 
amplitude and damping are partially coupled in the nonlinear fit. In this 
context, a slightly lower fitted amplitude can be partly offset by a slower 
decay rate, allowing the reconstructed component to preserve the 
overall waveform over the window even when the individual parameter 
estimates show small signed biases. This explains why the parameter- 
level amplitude bias does not necessarily translate into a comparable 
error in the reconstructed VDV.

Fig. 2 summarizes the window-wise validation metrics obtained for 
the synthetic signal. The left panel compares the synthetic and 

O. Montserrat Coll and J. García-Barruetabeña                                                                                                                                                                                          Results in Engineering 32 (2026) 113196 

5 



Fig. 1. Synthetic signal validation. Full signal reconstruction (time domain) and a detailed view of Window 1, including relative errors for frequency, amplitude 
and damping.

Fig. 2. Comfort metrics (VDV) and signal quality evaluation.
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reconstructed VDV for each analysis window, while the top-right panels 
show, respectively, the average magnitude-squared coherence in the 
comfort band and the number of sinusoidal components effectively 
identified in each window. The bottom-right panel reports the signed 
relative error of the reconstructed VDV with respect to the synthetic 
value. As shown in Fig. 2, the reconstructed VDV errors remain small 
across the analysed windows, confirming that the combined frequency, 
amplitude and damping identification uncertainties have a limited effect 
on the final comfort metric.

Despite the progressive reduction in the number of identified com
ponents (Fig. 2 top-right graphic) due to the damping attenuation effect 
as the signal advances, the average coherence remains consistently close 
to unity in all windows, indicating that the reconstructed signals capture 
the relevant spectral content of the synthetic response. Consistently, the 
reconstructed VDV exhibits only small deviations from the synthetic 
values, with low signed relative errors across windows. This confirms 
that the proposed procedure is able to preserve the transient vibration 
dose while maintaining a high-quality match between measured and 
reconstructed signals, even when fewer modes are detected in later 
windows.

A Campbell diagram is finally plotted over all analysis windows to 
illustrate the ability of the method to track frequency components over 
time. This representation shows that, although some windows do not 
clearly exhibit every imposed component, the procedure consistently 
identifies and follows the dominant spectral features throughout the 
record (Fig. 3).

These analyses confirm that the methodology not only achieves 
precise identification and reconstruction of known frequency compo
nents but also reliably captures vibration dose metrics and tracks spec
tral content, validating its suitability for real-world ride comfort 
assessment as applied in Section 4.

R² quantifies the proportion of the signal variance reproduced by the 
reconstruction, while mean coherence evaluates whether the dominant 
spectral content is preserved within each window. The use of R² is 
appropriate because it provides a normalized measure of how well the 
reconstructed signal reproduces the variance of the reference signal 
[51]. In the present validation, all windows show R² values above 0.91, 
together with mean coherence values of at least 0.91, indicating that the 
reconstructed signal preserves both the dominant time-domain behav
iour and the relevant spectral content before interpreting the corre
sponding VDV values (Table 1).

Campbell diagram frequency trends were interpreted only when the 
corresponding spectral bands appeared in windows classified as 
acceptable or highly reliable according to the coherence-based screening 
criterion. Persistent or recurrent bands across consecutive windows 
were considered physically meaningful trends, whereas isolated peaks 
located in low-energy or low-coherence regions were treated as low- 
confidence features and were not used to support comfort-related 
conclusions.

Overall, the synthetic validation shows that the method preserves the 
dominant spectral content and VDV trends across the analysed windows. 
Although Window 5 exhibits the lowest R² and mean coherence values, 
both metrics remain within an acceptable range, and the subsequent 
VDV discrepancy remains limited. This supports the suitability of the 
method for the real-world transient cases analysed in Section 4.

4. Application example using real world road transient signals

To assess the vehicle dynamic response under transient excitations, 
three experimental manoeuvres were performed: one-wheel bump 
impact, two-wheel bump impact, and brake input (Fig. 4). These ma
noeuvres were selected to excite distinct vibration modes such as heave, 
pitch and roll, associated with both suspended and unsuspended masses, 
ensuring a representative evaluation of the vertical and rotational dy
namics relevant to ride comfort and stability [5]. The vehicle-fixed axes 
and sign convention follow ISO 8855 [52]. Accordingly, the analysis 
focuses on the centre-of-gravity degrees of freedom that best represent 

Fig. 3. Campbell Diagram of the synthetic reconstructed signal.

Table 1 
Window-wise R2 accuracy and mean coherence metrics for the synthetic vali
dation case.

Window Mean coherence R2

1 0.99 0.999
2 0.98 0.985
3 0.99 0.999
4 0.99 0.998
5 0.91 0.912
6 0.99 0.997
7 0.99 0.992
8 0.99 0.999
9 0.98 0.996
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each event: roll about x for the one-wheel bump, vertical acceleration 
along z for the two-wheel bump, and pitch about y for the brake input.

The dataset obtained from these three tests provides a diverse set of 
transient inputs capable of exciting the vehicle’s natural frequencies, 
facilitating the validation of the proposed frequency reconstruction and 
identification methodology described in Section 3.

4.1. Experimental set-up

The tests had four tri-axial accelerometers TLD354C02 [53] mounted 
on the four vehicle corners (near each suspension mounting point) 
connected to a DAQ from Dewesoft. This configuration enables the 
capture of local vertical accelerations transmitted through the suspen
sion system. The raw acceleration signals were then transformed to the 
vehicle’s centre of gravity by applying rigid-body motion equations, 
allowing a global assessment of the vertical, pitch, and roll dynamics. 
This approach follows the methodology proposed by Santos Arconada 
et al. [14], which demonstrated that centre-of-mass transformation 
improves the consistency of components identification and allows a 
clearer comparison between experimental and simulation data. To 
ensure reproducibility and to clarify the boundary conditions of the 
experimental campaign, the vehicle configuration, instrumentation, test 
conditions and preprocessing settings used in the three manoeuvres are 
summarized in Table 2.

The main uncertainty sources in these tests are associated with 
vehicle speed repeatability, exact tyre-obstacle contact conditions, road 
surface variability, accelerometer alignment and sensor mounting stiff
ness, and the geometric assumptions used to transform the corner ac
celerations to the vehicle centre of gravity. Additional uncertainty may 
arise from filtering choices, event-window selection and the assumption 
of rigid-body motion between the measurement points and the centre of 
gravity. To reduce these effects, the tests were performed under the same 
dry-road condition and temperature, with fixed target speeds, identical 
sensor locations and the same preprocessing filtering and windowing 
parameters for all manoeuvres.

4.2. Experimental signal reconstruction through frequency component 
identification

Fig. 5 shows the measured acceleration signals obtained during the 
three manoeuvres. The response is clearly non-stationary, with short- 
duration transients embedded in longer intervals where the excitation 
level and the spectral content vary in time. Since the objective of this 
work is the analysis of road-induced transient events in a ride-comfort 
context, the subsequent results focus on the main event of each 
manoeuvre.

Prior to event extraction, the signals are low-pass filtered using the 
procedure described in Section 2.1. This step is required because the raw 
measurements contain spectral content outside the frequency range of 
interest for the present study. These out-of-band components do not 
contribute to the identification of the targeted vehicle dynamics. The 
filtered signals therefore provide a cleaner basis for selecting the tran
sient interval and for the subsequent window-wise identification.

For each selected event interval, the results are presented in the same 
sequence for all tests. First, the reconstructed acceleration obtained from 
the identified damped sinusoids is compared against the original filtered 
signal within the event window. Second, the dominant spectral peaks 
used to initialize the reconstruction are reported by overlaying the 
spectral peaks identified from the AR-based spectral analysis on the 
spectrum of the measured acceleration. Third, the magnitude-squared 
coherence between the measured and reconstructed signals is evalu
ated over the frequency band of interest as the primary reconstruction- 
quality criterion, providing a quantitative assessment and confirming 
that the identified components explain the measured transient response.

4.3. One wheel bump impact

The one-wheel bump introduces an asymmetric vertical input that 
produces a roll-driven response at the vehicle centre of gravity; there
fore, the rotation about the x axis is analysed. In this manoeuvre, the 
event response combines a forced contribution governed by the obstacle 
interaction and a subsequent free response phase (Fig. 6).

The reconstructed time history closely follows the measured tran
sient over the event window. In the frequency domain, the identified 
peaks form a compact set in the low-frequency region and provide 
consistent initialization for the fitting stage. Reconstruction quality is 
supported by the magnitude-squared coherence, which remains high in 
the low-frequency range and decreases towards the upper end of the 
analysis band. In the frequency range relevant for comfort weighting on 
the rotational x axis according to ISO 2631-1 (up to 20 Hz), coherence 
remains particularly high, supporting the validation of the proposed 
method in the target band.

4.4. Two wheel bump impact

The two-wheel bump produces a largely symmetric excitation and 
therefore emphasizes the vertical centre of gravity response of the 
sprung mass, while also introducing additional short-lived components 
at higher frequencies. Compared with the one-wheel case, the event 
spectrum exhibits a richer set of peaks, and the reconstructed signal 
reproduces the measured transient with close agreement over the event 
window (Fig. 7).

Reconstruction quality is supported by the magnitude-squared 
coherence, which remains high over a broad portion of the analysis 

Fig. 4. Different Manoeuvres analysed.

Table 2 
Experimental setup and test conditions for the vehicle manoeuvres.

Item Description

Test vehicle Toyota Prius III Generation (2013) (FWD)
Vehicle loading condition Driver (65 kg), Co-Pilot (70 kg), Instrumentation 

(4 kg)
Tyres 195/65/R15 Bridgestone T005 at 2.5 Bar (Front & 

Rear)
Environmental 

conditions
Dry asphalt test track; Ambient temperature: 20 ◦C. 
Asphalt temperature: 33 ◦C. Relative humidity: 65%

Manoeuvres One-wheel bump impact, two-wheel bump impact 
and brake input

Number of repetitions 5 repetitions per manoeuvre
Target speed 10 km/h for bump tests; 15 km/h for brake input
Obstacle geometry 4.5 cm height, 30 cm width, 40 cm length
Sensors Four TLD354C02 tri-axial accelerometers
Sensor location Four vehicle corners, close to the suspension 

mounting points, following the coordinate layout 
reported in Santos Arconada et al. [14].

Sampling frequency 20 kHz
Reference system Vehicle-fixed reference system according to ISO 8855 

[52]
Analysed centre-of- 

gravity response
Roll about x for one-wheel bump, vertical 
acceleration along z for two-wheel bump and pitch 
about y for brake input
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band. This indicates that the reconstruction preserves both the dominant 
low-frequency vertical response and the higher-frequency content pre
sent during the impact. Any local reductions in coherence are confined 
to frequency regions with low spectral amplitude and do not alter the 
dominant components that govern the event response.

4.5. Brake input

The brake input manoeuvre generates a transient that is dominated 

by pitch motion at the centre of gravity due to rapid load transfer. A 
dominant low-frequency component is identified, consistent with the 
pitch-dominated character of this event. The reconstructed signal fol
lows the measured response over the event window, and the main 
spectral peaks observed in the measured event are retained in the 
reconstructed response, indicating that the identified components cap
ture the governing dynamics of the transient (Fig. 8).

The magnitude-squared coherence remains above 0.8 up to 60 Hz, 
indicating a spectrally consistent reconstruction over most of the 

Fig. 5. Event Windows for each test. Original vs Filtered Signals.

Fig. 6. One Wheel Bump Impact. ΔX Axis.

Fig. 7. Two Wheel Bump Impact. Z Axis.
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analysis band. In the low-frequency region where the event concentrates 
most of its energy, coherence is particularly high, supporting the reli
ability of the reconstructed transient for subsequent comfort-weighted 
metrics.

4.6. Campbell diagram and comfort assessment (VDV)

For each reconstructed event, a Campbell-type time-frequency rep
resentation is displayed over the 0–80 Hz range to visualise the evolu
tion of the spectral content during the transient event. The reconstructed 
response corresponds to the complete pre-processed event, while the 
comfort-oriented interpretation is restricted to the 0.5–80 Hz range, 
consistent with ISO 2631-1. The diagram highlights the dominant fre
quency bands activated by each manoeuvre and their time localisation 
within the event, offering a compact summary of the non-stationary 
response beyond a single-window view.

Fig. 9 compares the Campbell diagrams of the three manoeuvres over 
the displayed 0–80 Hz range, shown for the selected transient event 
interval together with the immediately following window. In all cases, 
the response is characterised by a small number of clearly defined fre
quency bands that remain visible across the event duration, with 
different relative prominence depending on the manoeuvre. The 
Campbell diagrams are used here as a compact diagnostic summary of 
the event spectral content, complementing the time-domain re
constructions and the coherence-based quality assessment. Comfort- 
oriented interpretation is addressed separately through the ISO com
fort weighting.

The screening criteria described above were applied to the real ma
noeuvres before assigning physical meaning to the observed frequency 
bands. For example, in the brake-input case, the dominant low- 
frequency band was retained because it appears consistently during 
the selected event, agrees with the pitch-dominated time-domain 
response, and is located in a frequency region where the reconstruction 
coherence remains acceptable or high. Conversely, isolated traces 
appearing only in one window were not interpreted as physically 
meaningful unless they were supported by sufficient spectral energy and 
reconstruction coherence. In the present analysis, such isolated low- 
confidence traces were kept in the Campbell diagram for diagnostic 
completeness, but they were not used to support comfort-related con
clusions or the VDV-based event ranking.

In parallel, the Vibration Dose Value (VDV) was calculated for the 
specific time window corresponding to the analysed event. This metric 
quantifies the accumulated vibration exposure experienced during the 
transient, serving as an indicator of ride comfort and perceived severity. 
By computing the VDV within the reconstructed event window, the 
analysis isolates the comfort impact directly attributable to the transient 
excitation, excluding steady-state conditions.

Table 3 reports the VDV obtained for each real-world event together 
with the corresponding R² between the filtered experimental signal and 
the reconstructed response. Here, R² is used as a reconstruction-quality 
indicator, quantifying how closely the reconstructed event reproduces 
the measured transient in the time domain. The obtained R² values, 
ranging from 0.835 to 0.967, support the interpretation of the corre
sponding VDV values.

The event-wise VDV values provide a direct numerical comparison of 
transient severity. In the present tests, the two-wheel bump reached 
0.318 m s− 1.75 compared with 0.143 m s− 1.75 for the one-wheel bump 
and 0.171 m s− 1.75 for the brake input. Thus, the two-wheel bump 
generated approximately 2.2 times the vibration dose of the one-wheel 
bump and 1.9 times that of the brake-input event. These ratios are 
interpreted as relative event-wise comfort-severity indicators under the 
same ISO weighting and reconstruction procedure, rather than as ab
solute subjective comfort thresholds.

As a result, this methodology enables accurate calculation of the ride 
comfort of an experimental or numerical vehicle model through easy to 
implement individual transient road events. In addition, it allows the 
impact of structural changes in the vehicle model to be quantified in 
terms of comfort.

5. Results discussion

The proposed workflow was implemented as an offline analysis tool, 
prioritizing reconstruction accuracy and robustness over computational 
speed. This design choice is consistent with the objective of the present 
work, which is to identify transient frequency, amplitude and damping 
components and to compute comfort metrics with high fidelity, rather 
than to provide hard real time operation. The main computational cost is 
associated with the nonlinear fitting stage, especially when global 
optimization is used to avoid local minima. In contrast, filtering, adap
tive windowing, AR-based spectral estimation, coherence calculation 
and VDV computation have a lower computational burden.

The method can be applied to longer signals because the analysis is 
performed window by window. Once the transient windows are defined, 
each segment can be processed independently, which makes the work
flow suitable for batch processing and potential parallelization. The 
same principle applies to multi axis assessment: the user selects the axis 
or centre of gravity degree of freedom to be analysed, and the corre
sponding ISO 2631-1 weighting is applied before computing the VDV. 
Therefore, the framework is not restricted to a single signal direction, 
although the computational cost increases with the number of analysed 
axes, windows and retained frequency components.

Regarding noise robustness, the 80 Hz low pass filtering stage 
removes frequency content outside the selected comfort analysis band, 
while zero crossing selection, the minimum window duration and 

Fig. 8. Brake Input. ΔY Axis.
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coherence-based screening reduce the influence of spurious or poorly 
reconstructed windows. However, very low signal to noise ratios, 
weakly excited modes or closely spaced frequency components may still 
affect the reliability of amplitude and damping estimation. In addition, 
the present implementation is not intended for direct hard real time use 
because it relies on complete event windows, zero phase filtering and 
multi solver nonlinear optimization. A hard real time implementation 
would require further optimization of the existing functions, including 
causal filtering, faster event detection and simplified fitting routines, for 
example by reusing previous window estimates as initial conditions.

All numerical analyses were performed in MATLAB R2023a on a 
Windows 11 workstation equipped with an AMD Ryzen 7 7800 × 3D and 
64 GB of RAM This information is provided only to document the 
computational environment used in the present offline implementation. 
As a practical reference, the complete analysis of a 15 s signal required 
approximately 3 min on this workstation, including filtering, adaptive 
segmentation, AR-based spectral analysis, nonlinear fitting, 
reconstruction-quality evaluation and VDV computation. The processing 
time depends mainly on the signal-to-noise ratio, the number of 
accepted windows, the number of identified components and the 
convergence behaviour of the nonlinear fitting stage.

6. Conclusion

This study demonstrates that transient road events can be analysed 
through a window-wise reconstruction framework without relying on 
global stationarity assumptions. The results show that decomposing 
short road-induced responses into damped sinusoidal components pro
vides a traceable link between measured vibration signals, reconstruc
tion quality and ISO 2631-1 comfort metrics. Unlike conventional block- 
wise spectral descriptions, the proposed approach preserves the tem
poral localisation of short events and enables their comfort contribution 
to be assessed individually. The main findings are summarised as 
follows. 

• The synthetic validation confirms that the proposed identification 
and reconstruction chain can recover the transient spectral content 
with high accuracy at window level. For the tested signal, relative 
frequency errors remained below 0.5%, amplitude errors below 8%, 
and damping errors within 5%, while the reconstructed VDV closely 
matched the synthetic VDV across windows. High coherence values 
throughout the record demonstrate that accurate prediction can be 

achieved even when the number of detectable components decreases 
as the signal decays.

• For the experimental manoeuvres, the reconstructed event responses 
show close agreement with the measured transients in both time and 
frequency domains. Magnitude-squared coherence provides a 
transparent quality control metric: reconstructions remain spectrally 
consistent over most of the analysis band, and particularly high 
coherence is obtained in the frequency ranges most relevant for ISO 
comfort weighting for the analysed degrees of freedom. This supports 
the use of the reconstructed signals as a reliable basis for comfort 
metrics without requiring a detailed analytical vehicle model.

• Event-focused Campbell-type representations offer a compact diag
nostic view of the dominant frequency bands active during each 
transient, complementing the time-domain reconstructions and 
coherence assessment. The event-wise VDV values enable a direct 
ranking of the analysed manoeuvres by comfort severity. In the 
present dataset, the two-wheel bump produced the largest dose 
(0.318), followed by brake input (0.171) and one-wheel bump 
(0.143), illustrating how the proposed workflow can quantify and 
compare the comfort impact of different transient excitations.

In closing, the proposed methodology provides a traceable route 
from real transient measurements to physically constrained re
constructions and event-wise comfort metrics, with window-wise 
coherence ensuring that conclusions are drawn only from spectrally 
meaningful fits. The results support its use in virtual development and 
experimental testing to assess the comfort impact of transient road 
events. Future work will apply this workflow to evaluate how structural 
modifications in different vehicle components affect transient vibration 
transmission and ride comfort, especially in BEV development, where 
reduced powertrain masking may make changes in chassis, suspension 
or drivetrain structural behaviour more perceptible to occupants.

CRediT authorship contribution statement

Oscar Montserrat Coll: Writing – original draft, Visualization, 
Validation, Software, Methodology, Investigation, Formal analysis, 
Conceptualization. Jon García-Barruetabeña: Writing – review & 
editing, Validation, Supervision, Methodology, Conceptualization.

Declaration of competing interest

The authors declare the following financial interests/personal re
lationships which may be considered as potential competing interests: 
Oscar Montserrat Coll reports financial support was provided by 
Fundación Automotive Intelligence Center. Oscar Montserrat Coll re
ports a relationship with Fundación Automotive Intelligence Center that 
includes: employment. If there are other authors, they declare that they 
have no known competing financial interests or personal relationships 
that could have appeared to influence the work reported in this paper.

Fig. 9. Campbell Diagram for each event.

Table 3 
VDV for each event.

One bump Wheel 
impact

Two bump Wheel 
impact

Brake 
input

VDV Value (m 
s− 1.75)

0.143 0.318 0.171

R2 0.835 0.967 0.896
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