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Abstract: Objective road quality estimation is essential for smart infrastructure. Using everyday
vehicles with low-cost inertial sensors provides a cost-effective and scalable solution. However, vertical
acceleration signals are influenced by vehicle dynamics and speed, producing biased estimates. This issue
has been addressed by proposing a novel approach that, using cepstral analysis, separates road-induced
and vehicle behaviors. Specifically, thanks to a one-time, model-free calibration, it identifies the latter,
providing an unbiased estimate of the first. Last, cepstral features also provide robustness to speed.
Validation with naturalistic data across vehicles, drivers, and roads demonstrates accuracy and
robustness, highlighting its potential for large-scale road monitoring.
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1. PROBLEM DESCRIPTION AND RELATED WORKS

Road infrastructure is essential not only to support economic
opportunities but also to promote traffic safety, and reduce vehi-
cle wear and usage, thus ensuring adequate transport standards
for any user Braghin et al. (2006). However, achieving this goal
is highly ambitious and demanding, as it requires timely mainte-
nance that, in turn, needs continuous road condition monitoring.

To address this problem, research has focused on continuous
road monitoring approaches compatible with limited financial
resources. This led to a range of solutions that can be grouped
into three categories:

• direct road profile measuring instruments,
• visual inspection tools,
• vehicle dynamics measuring sensors.

The first category includes instruments such as profilometers,
which reconstruct the road profile independently of vehicle
type or driving behavior Spangler and Kelly (1965). However,
their high cost limits installation to a few vehicles, hindering
scalability and continuous monitoring. The second category
consists of visual inspection tools, such as cameras mounted on
vehicles or drones, and satellite imagery, which generate 2D or
3D reconstructions of the road surface Yiliguoqi et al. (2026).
Despite their accuracy, these methods remain expensive, unsuit-
able for continuous monitoring, and sensitive to adverse weather
conditions. As a result, the third category emerged as the most
promising, which uses the vehicle itself as a mobile sensor. In
practice, according to these approaches, road quality is estimated
using physics-based or data-driven techniques. The former
requires detailed knowledge of parameters such as vehicle mass,
tyre condition, and suspension characteristics, often implying
additional sensors. Given these inputs, they can achieve high ac-
curacy using traditional methods, e.g., International Roughness
Index (IRI), or more sophisticated alternatives such as adaptive
observers or power spectral analysis Zhang et al. (2022). However,
their hardware requirements limit scalability and conflict with

easy instrumentation and retrofitting. The second group, in-
creasingly dominant, proposes data-driven solutions that do not
require explicit knowledge of vehicle parameters. These methods
leverage low-cost sensor boxes, widely used in the automotive
insurance sector, typically integrating an IMU and a GPS/GNSS
module, which provide effective data for continuous vehicle
dynamics monitoring. Indicators in this context mainly rely on
the energy content of the vertical acceleration signal, as a proxy
for energy transferred from road irregularities to the vehicle
body. To this end, frequency-based and time-based indices have
been proposed; the former exploit the power spectral density,
inspired by ISO 8608, while the latter use time-domain statistics
such as the Root Mean Square (RMS) Wage and Sester (2021).

So, from the presented literature analysis, it is possible to con-
clude that vehicle dynamics–based approaches are the most scal-
able and suitable for continuous monitoring of road conditions.
Among them, data-driven methods are the most promising as
they provide accurate estimates using low-cost sensors. However,
literature approaches are still affected by a common limitation,
i.e., they interpret increased excitation along the vertical as an in-
dicator of degraded pavement conditions. This assumption intro-
duces critical biases in the estimate due to the peculiarities of the
specific vehicle and its traveling speed. In other words, the mea-
sured signals are related to the vehicle–road interaction system,
where vehicle dynamics and speed act as filtering mechanisms on
the contribution of the actual speed profile. As a result, estimates
obtained under different vehicles or operating conditions are
generally not directly comparable, as confirmed by experimental
studies highlighting significant variability in cross-vehicle and
cross-speed scenarios Loprencipe et al. (2019). These limitations
motivate the need for methodologies capable of decoupling road-
induced excitations from vehicle dynamics, ensuring robustness
and consistency across heterogeneous acquisition conditions.

Therefore, this work proposes a novel data-driven approach
for continuously estimating road quality, which leads to the
definition of the so-called Roughness Profile Index (RPI), which
is insensitive to the specific vehicle dynamics and its longitudinal
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speed. The whole approach has been designed to be compliant
with large-scale implementation by only requiring a reduced set
of measurements from a cost-effective sensor setup, consisting
of an accelerometer and a GPS/GNSS unit. This key result is
achieved by basing the index formulation on cepstral analysis of
the vertical acceleration signal, rather than relying on time- or
frequency-domain analyses, commonly adopted in the literature.
Specifically, cepstrum, already used to identify system faults in
mechanical systems, Randall (2017), has been key as it enables
clear identification of the vehicle’s dynamics, which can then be
filtered out from subsequent acquisitions. Thus, it allows isolat-
ing the road-induced dynamics, without requiring any a priori
knowledge of the vehicle parameters. Second, being inherently re-
silient to signal scaling and time warping, it ensures stability un-
der changing traveling speed, Bonnardot (2019). The approach
is experimentally validated using preliminary data collected over
more than 200 km on diverse road sections, including highway,
urban, and off-road environments, at varying speeds and with
different drivers. Furthermore, to better underline the advan-
tages of the vehicle dynamics and speed-independent index, an
ablation study has been performed to highlight the importance
of debiasing the estimate from these factors. In addition, the pro-
posed formulation has been compared to an alternative version
based on the power spectrum content of the acceleration signal,
which is commonly used by most state-of-the-art approaches.

2. METHODOLOGY

2.1 Cepstral Analysis

The cepstrum was first introduced in Bogert (1963) as an
alternative to the autocorrelation function. In this work, power
cepstrum formulation has been leveraged; thus, the terms cep-
strum and power cepstrum will be used interchangeably. Given
a stationary stochastic process, p(t), whose power spectrum is
ϕp(ω)= |P(ω)|2, its cepstrum cp(q) can be defined as:

cp(q)=F−1{log(ϕp(ω))}, (1)
where q is the quefrency variable. It is worth mentioning that
this cepstrum formulation is based on a time representation of
the process, but the same considerations apply if the process
is expressed in the spatial domain.

The idea of basing the proposed methodology on power
cepstrum, rather than the more commonly used power spectrum,
is motivated by one of its key properties: the power cepstrum
of two processes convolved in the time domain corresponds
to the sum of their power cepstra in the quefrency domain.
This property is, in fact, useful for decoupling vehicle and road
dynamics. To better understand the advantage of this property,
let us consider a process p(t) defined as the convolution of two
distinct processes p1(t) and p2(t) as is the case with vertical
acceleration measured by the vehicle accelerometer, which is
the convolution of the vertical dynamics of the vehicle’s itself
and the acceleration induced by the road profile. In the time
domain, this relationship can be expressed as p(t)=p1(t)∗p2(t).
Given the convolution theorem and the properties of the Fourier
transform, the power spectral density of p(t) can be defined as:

ϕp(ω)= |P(ω)|2= |P1(ω)·P1(ω)|2=ϕp1(ω)·ϕp2(ω), (2)
where Pi(ω) and ϕpi(ω) are the Fourier transform and the
power spectrum of the ith process, respectively. It follows that,
based on Equation (1), the power cepstrum of ϕp(ω) becomes:

cp(q)=F−1{log(ϕp(ω))}
=F−1{log(ϕp1(ω)·ϕp2(ω))}
=F−1{log(ϕp1(ω))}+F−1{log(ϕp2(ω))}
=cp1(q)+cp2(q).

(3)

This result is key for the methodology proposed in this work,
as it provides proxy of the road pavement quality by computing
the power cepstrum of the measured acceleration, and then
subtracting from it an estimate of the power cepstrum of the

vehicle vertical dynamics.
To compute a cepstral difference, the Martin distance δ is
employed, Martin (2002), which is defined as:

δ(cp1(q),cp2(q))=

√√√√ ∞∑
q=0

q|cp1(q)−cp2(q)|2. (4)

This metric is widely used to compute cepstral differences
because it effectively captures statistically significant variations,
even when applied to the first cepstral coefficients only. This
allows for approximating the true Martin distance using only
the first Q cepstral terms, making the computation manageable
and efficient.

2.2 Vehicle Dynamics Definition

The assumed consists of a second-order single-mass quarter-
car, as widely used in the literature due to its ability to accurately
capture vehicle behavior by combining the sprung and unsprung
masses into a single lumped system:

Mz̈(t)+ξż(t)+k(z(t)−zr(t))=0. (5)

In this dynamical equation, z(t) denotes the vertical displace-
ment of the overall system, and zr(t) represents the height of
the road profile. In addition, M is the equivalent mass of the
quarter car, whereas k, and ξ are the stiffness of the suspension
spring and the damping coefficient, respectively. Note that z̈(t)
corresponds to the overall vertical acceleration of the vehicle,
which can also be defined as az(t), that is, the one that can be
measured by an onboard accelerometer. Thus, the signal z̈(t) is
given by the convolution of the dynamic response of the vehicle
and the excitation due to road irregularities.

Although Equation (5) is defined in the time domain, road
quality estimation is typically performed in spatial coordinates.
This transformation can be performed by assuming quasi-
stationarity of the system. Under this assumption, time-domain
dynamics can be translated into the spatial domain by applying
the change of variables t= x

v , where v is the longitudinal velocity
of the vehicle, which, thanks to the stationarity assumption,
can be considered constant. Based on this transformation, the
time derivatives in Equation (5) can be expressed in spatial
coordinates:

żv(x)=
1

v

∂z(xv )

∂(xv )
=

1

v

∂z(t)

∂(t)
=

1

v
ż(t); (6)

Following the same approach, it can be shown that z̈v(x) =
1
v2 z̈(t). Thus, the quarter car dynamics takes the form:

Mv2z̈v(x)+ξvżv(x)+k(zv(x)−zr(x))=0. (7)
To compute the cepstrum of the vertical acceleration of the
vehicle, the analysis is moved to the Laplace domain. To this end,
the transfer function between the vehicle’s vertical displacement
Zv(s) and the vertical displacement of the road profile Zr(s) is:

Zv(s)=
k

Mv2s2+ξvs+k
Zr(s), (8)

which implies that the transfer function between the vertical
acceleration of the vehicle Azv(s), and the vertical displacement
of the road Zr(s) is:

Azv(s)=
ks2

Mv2s2+ξvs+k
Zr(s). (9)

The power spectrum of Azv(s), called ϕAzv(Ω) can be computed
as:

ϕAzv(Ω)= |Fv(jΩ)|2·ϕr(Ω). (10)
where:

Fv(jΩ)=
−kΩ2

−Mv2Ω2+ξvjΩ+k
. (11)

The power spectral density associated with the vehicle’s dynamic
response is denoted as ϕFv(Ω), and takes the form of:
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ϕFv(Ω)= |Fv(jΩ)|2

=
∣∣∣ −kΩ2

−Mv2Ω2+ξvjΩ+k

∣∣∣2
=
( k

Mv2

)2 Ω4(
k

Mv2 −Ω2
)2

+
(

Ωξ
Mv

)2 .
(12)

In Equation (12), it is important to note that ϕFv
(Ω) does not

depend on the road profile ϕr(Ω). In fact, it only depends on the
vehicle parameters and the traveling speed v, which modulates
the excitation of vehicle modes. On the other hand, as previously
mentioned, ϕr(Ω) does not depend on the traveling speed or
the used vehicle, but only on the road surface profile.

This formulation highlights a common limitation of literature
approaches that rely on spectral analysis. In fact, Equation (10)
shows that the spectrum of the vertical acceleration measured
by the onboard sensor can be expressed as the product of
the road-related spectrum and the vehicle dynamic response.
This implies that spectral features inherently reflect both the
pavement condition and the specific vehicle–speed configuration,
preventing a direct separation of these two contributions.
Cepstral analysis, instead, enables the explicit separation of the
vehicle-dependent term from the road-dependent one:

cAzv(q)=F−1{log(ϕAzv(Ω))}
=F−1{log(ϕFv(Ω))+log(ϕr(Ω))}
=cFv(q)+cr(q).

(13)

Notably, the contributions of the vehicle modes cFv
(q) and of

the road surface quality cr(q), which are now separable thanks
to the cepstrum properties. It follows that the core of the
proposed approach consists of estimating the vehicle dynamics
term, cFv

(q), given that the other quantities can be directly
computed from the measured signals. In fact, once this term has
been estimated, it becomes possible to obtain the road quality
index cr(q) from Equation(13).

2.3 From Absolute to Relative Formulation

Equation (13) provides an absolute measure of the road
quality, which poses significant challenges. In fact, it leads to es-
timates that are biased with respect to environmental conditions,
to the specific vehicle, and road factors, which would require
constant access to some form of ground truth for correction.
Therefore, cr(q) is computed by normalizing it with respect to
a high-quality road profile to be used as a reference. This choice
not only makes the index formulation more robust, but also
compliant with the regulation of many countries, which enforce
a minimum acceptable quality level for different road types.
Once the reference baseline is defined, it will be used to compute
a relative pavement index. To do so, the previously derived equa-
tions are applied to a scenario in which two trials are conducted,
with the same vehicle driven over two different road profiles,
denoted as r1 and r2, each characterized by a different surface
quality. For the sake of simplicity, let us assume that each trial is
conducted at a constant but distinct speed values, i.e., v1 ≠v2.

According to Equations 10 and 13, the power spectra of
vertical acceleration signals measured during the two trials can
be written as:

ϕAzv1
(Ω)=ϕFv1

(Ω)·ϕr1(Ω),

ϕAzv2
(Ω)=ϕFv2

(Ω)·ϕr2(Ω).
(14)

Also, their power cepstra are given by:
cAzv1

(q)=cFv1
(q)+cr1(q),

cAzv2
(q)=cFv2

(q)+cr2(q).
(15)

Since the inverse Fourier transform F−1 is a linear operator,
one has:
cAzv1

(q)−cAzv2
(q)=cFv1

(q)+cr1(q)−cFv2
(q)+cr2(q)

=cr1(q)−cr2(q)+cFv1
(q)−cFv2

(q).
(16)

Also, recalling that, by definition, cFv
(q)=F−1{log(ϕFv

(Ω))}
and ϕFv(Ω)= |Fv(jΩ)|2, (16) can be reformulated as:

cAzv1
(q)−cAzv2

(q)=cr1(q)−cr2(q)

+F−1

{
log

(
ϕFv1

(Ω)

ϕFv2
(Ω)

)}
.

(17)

Rearranging the terms, the difference in road surface qualities
in the cepstral domain can be isolated, leading to the desired
quality index:

cr1(q)−cr2(q)=cAzv1
(q)−cAzv2

(q)−F−1

{
log

(
ϕFv1

(Ω)

ϕFv2
(Ω)

)}
,

(18)
where cr2(q) is the cepstra of the high-quality reference road
profile.

2.4 Approximation of the Vehicle Dynamics Term

The only unknown component in (18) is

F−1
{

log
(
ϕFv1

(Ω)

ϕFv2
(Ω)

)}
, which accounts for the difference in vehi-

cle dynamic response due to the speed change. However, as de-
tailed in this subsection, with appropriate approximations, it can
be reliably estimated from the collected data. To this end, the
analysis starts from the definition of ϕFv

(Ω) from Equation (12):

ϕFv1
(Ω)

ϕFv2
(Ω)

=

(
k

Mv2
1

)2
Ω4(

k

Mv2
1

−Ω2

)2

+

(
Ωξ

Mv1

)2

(
k

Mv2
2

)2
Ω4(

k

Mv2
2

−Ω2

)2

+

(
Ωξ

Mv2

)2

=
(v2
v1

)4( k
Mv22

−Ω2
)2

+
(

Ωξ
Mv2

)2
(

k
Mv12

−Ω2
)2

+
(

Ωξ
Mv1

)2
=
M2v42Ω4+(ξ2−2kM)Ω2v22+k2

M2v41Ω4+(ξ2−2kM)Ω2v21+k2
,

(19)

which shows that both the numerator and the denominator are
functions of the product Ωv. Accordingly, it can be noted that:

• For small values of Ωv, i.e.,

Ωv≤

√
k2

|ξ2−2kM |
, (20)

ϕFv
(Ω) can be approximated as ϕFv

(Ω)≈ k2, making the
overall ratio constant for different speed values.

• For medium-low values of Ωv, i.e.,√
k2

|ξ2−2kM |
≤Ωv≤

√
k

M
, (21)

the (Ωv)4 can be considered negligible. Therefore

ϕFv(Ω)≈(ξ2−2kM)Ω2v2+k2≈ma(Ω)v2. (22)
Note that, for fixed spatial frequency Ω, ma(Ω) is a function
that can be learned from data.

• For medium-high values of Ωv, i.e.,√
k

M
≤Ωv≤

√
|ξ2−2kM |

M2
(23)

k2 becomes negligible. Thus

ϕFv
(Ω)≈M2Ω4v4+(ξ2−2kM)Ω2v2

≈Ω2v2(M2Ω2v2+(ξ2−2kM))

≈mb(Ω)v4
(24)

where mb(Ω) depends on Ω and vehicle parameters and can
be estimated from data.
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• Finally, for higher values of Ωv, when

Ωv>

√
|ξ2−2kM |

M2
(25)

just the first term of ϕFv(Ω) must be considered, therefore
ϕFv

(Ω)≈mc(Ω)v4.

Based on these approximations it is possible to say that the
power spectral density of the vehicle dynamics, ϕFv(Ω), can be
approximated as ϕFv(Ω)≈mve, where m and e depend on Ωv
and specific vehicle parameters. Thus, letting:

• ρ(Ω)=m2(Ω)(m1(Ω))−1,
• γ1(Ω)=−e1(Ω),
• γ2(Ω)=−e2(Ω),

Equation (19) can be expressed as:

ϕFv1
(Ω)

ϕFv2
(Ω)

≈m1(Ω)·ve1(Ω)
1

m2(Ω)·ve2(Ω)
2

=ρ(Ω)· v
γ1(Ω)
1

v
γ2(Ω)
2

. (26)

As detailed in Section 3, this result enables RPI to be
computed from data, thanks to the ad-hoc designed one-
time calibration procedure that allows us to estimate the

required parameters. In fact, the ratio
ϕFv1

(Ω)

ϕFv2
(Ω) can be computed

from vertical acceleration measurements, while the coefficients
ρ(Ω),γ1(Ω), and γ2(Ω) can be also estimated from data. By
substituting (26) into the logarithmic term used to compute the
inverse Fourier transform, the following expression is obtained:

log

(
ϕFv1

(Ω)

ϕFv2
(Ω)

)
=log(ρ(Ω))+γ1(Ω)log(v1)+

−γ2(Ω)log(v2),

(27)

making the formulation directly suitable for a linear regression
approach, e.g., least squares.

2.5 RPI Formulation

Building upon the previous considerations, and especially
Equation (27), (18) can be rewritten as:

cr1(q)−cr2(q)=cAzv1
(q)−cAzv2

(q)−
F−1{log(ρ(Ω))+γ1(Ω)log(v1)−γ2(Ω)log(v2)},

(28)

From this formulation, considering the Martin distance to
compute the cepstral difference, letting the road profile index

∆v1,v2(q)=F−1{log(ρ(Ω))+γ1(Ω)log(v1)−γ2(Ω)log(v2)},
and assuming that the cepstrum of the vertical acceleration
measured by the onboard accelerometer at speed v2 over a
reference high-quality road surface, flat and smooth, is negligible,
i.e., cr2(q)≈0, RPI can be formulated as:

RPI=

√√√√ Q∑
q=0

q|cAzv1
(q)−cAzv2

(q)−∆v1,v2(q)|2, (29)

where Q is the cepstral order. Note that higher RPI values
indicate poorer road quality. Therefore, assuming that cAzv1

(q),

cAzv2
(q), and ∆v1,v2(q) can be calculated from the data, the

presented formulation yields an estimate of the quality of the
road profile that is independent of the vehicle dynamics and,
as will be shown later, independent of vehicle speed.

3. ALGORITM DESIGN

As discussed in Section 2, to provide a real-time accurate esti-
mation of the road quality according to the RPI definition, the
parameters ρ(Ω),γ1(Ω), and γ2(Ω) of the ∆v1,v2(q) function, and
the terms of cAzv2

(q) must be learned. The latter consists of the
cepstrum of the vertical acceleration measured by the onboard
accelerometer when the vehicle is driven at speed v2 over a refer-
ence high-quality road surface, which, as previously noted, can be

approximated as cr2(q)≈0. Once these parameters are learned,
Equation (29) can be applied to provide road-quality estimates.

Delving into the details of the approach, the first stage
is divided into two steps: one dedicated to the identification
of ∆v1,v2(q) parameters, and the other aimed at computing
cAzv2

(q). It is important to note that these parameters need to
be estimated only once and offline for each new vehicle, to be
then used online at prediction time, and that the speed v2 must
be the same in the two stages. To perform the first stage of the
learning process, i.e., to estimate ∆v1,v2(q), several trials must
be performed at different constant speeds on road segments of
similar quality (e.g., highway–highway, urban-urban). If this
requirement is satisfied, it can be assumed that the difference
of the road cepstra is negligible, i.e., cr1(q)−cr2(q)≈0, since
the road geometry is the same. Thus Equation (17) becomes:

cAzv1
(q)−cAzv2

(q)=∆v1,v2(q)

=F−1
{

log
( ϕFv1(Ω)

ϕFv2
(Ω)

)}
.

(30)

This result is key, as it indicates that cAzv1
(q)−cAzv2

(q), that
is, the cepstral distance computed from the vertical acceleration
measured during the trials, corresponds to the value ∆v1,v2(q).
In turn, by computing the power spectrum of the measured
accelerations in a segment of the same length traveled at different
speeds, i.e., v1 and v2, it results:

log
(ϕAz1(Ω)

ϕAz2(Ω)

)
=[log(ρ(Ω))+

γ1(Ω)log(v1)−γ2(Ω)log(v2)].

(31)

Expressing this equation in vectorized form, with ϕAz1 and
ϕAz2 containing the spectral coefficients computed at speed v1
and v2, and the three parameter vectors ρ(Ω), γ1(Ω) and γ2(Ω),
a least square problem can be set as:

log(ΦAz1⊘ΦAz2)︸ ︷︷ ︸
y

=γ1log(v1)−γ2log(v2)︸ ︷︷ ︸
Ax

+log(ρ)︸ ︷︷ ︸
b

.
(32)

Please note that in this formulation y ∈ RN×1, A ∈ RN×2,
b∈RN×1, and x∈R2×1, where N is the size of the vector of
spatial frequency values Ω. Thanks to this process, for each
frequency up to the chosen spatial resolution, estimates of ρ(Ω),
γ1(Ω), and γ2(Ω) are obtained. As reported in Section 2, this
result implies that the learned parameters characterize the
vehicle’s dynamic response and are valid regardless of the road
surface and the traveling speed.

Letting v1=vnew be the vehicle’s traveling speed at inference
time and v2=vref the reference speed used during the learning
phase, which means that ∆vnew,vref =

F−1 {[log(ρ(Ω))+γ1(Ω)log(vnew)−γ2(Ω)log(vref)]}. Accord-
ingly, assuming that the power spectrum of the vertical accel-
eration measured at the reference speed vref is available, RPI
can be computed according to (29). To improve the robustness
of the identified parameters, it is recommended to performing
multiple trials on the same road at different speeds, and then
segmenting each trial into shorter windows over which the speed
can be assumed approximately constant. Empirically, it can be
noted that, considering 100m windows, this assumption can
be verified by keeping only the windows in which the speed
variance σv is below 2.5 km/h. The window size was fine-tuned
to ensure stationarity while preserving enough signal dynamics
for meaningful Fourier Transform computation. Please note
that, as these parameters characterize the intrinsic dynamic
response of the vehicle, they need to be estimated only once.
Once identified, these parameters can be reliably used for online
RPI estimation under arbitrary speed profiles. In this regard,
it is important to note that the constant-speed assumption
mentioned in Section 2 is required only locally. In practice,
the collected signals are segmented into short spatial windows
within which the vehicle speed can be considered approximately
constant. For the same reason, even real-time RPI computation
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does not require globally constant speed, but only local quasi-
stationarity, which is fully compatible with naturalistic driving
conditions. According to (29), the second parameter that needs
to be estimated in the learning phase is the cepstrum of the
overall vertical acceleration signal at speed vref . To this end,
a series of trials must be conducted using the same vehicle,
traveling at a reference speed vref , over road segments that
meet standards of sufficiently high quality to be considered as
reference, e.g., highways that must have a minimum roughness
level for safety reasons, with periodic maintenance enforced by
law. Accordingly, the power cepstrum of the reference measured
vertical acceleration, cAzvref

(q), can be computed as:

cAzvref
(q)=F−1{log(ϕAzvref

(Ω))}, (33)

where ϕAzvref
(Ω) is the power spectrum of the measured vertical

acceleration signal. However, since highway pavement quality
may still exhibit variability, computing regularized cepstra
should be preferred, obtained by considering the average power
spectrum across several non-overlapping segments. Specifically,
considering Nl learning windows available, which in this case
are 100 m long, this power spectrum is:

ϕAzvref
(Ω)=

1

Nl

Nl∑
n=1

ϕAzvref,n
(Ω), (34)

where ϕAzvref,n
(Ω) is the power spectrum computed in the nth

learning window. Once the learning phase is completed, the
prediction phase is straightforward. In fact, for each new trial,
sliding windows of the same length used in the learning phase
are considered, 100 m, and the RPI is computed using (29).

4. EXPERIMENTAL RESULTS AND DISCUSSION

To validate the proposed algorithm in real-world conditions,
an experimental campaign was conducted with two vehicles—a
Mercedes-Benz B-Class and a Fiat Panda 4WD—and different
drivers, selected to cover diverse size, mass, and handling
characteristics. Both vehicles were equipped with a MetaSystem
T31.2 e-box, powered by the vehicle battery, providing all
measurements required for RPI: an IMU (tri-axial accelerometer
and gyroscope at 400 Hz) and a GPS/GNSS module (10 Hz)
for geolocation, speed, and distance. Data were collected on
road segments with homogeneous but different quality, traveled
by both vehicles within a short time window, totaling about 100
km per vehicle. Specifically, each vehicle covered approximately
6 km of off-road (unpaved rural roads), 25 km of urban roads
(generally good with local irregularities), and 80 km of highways
(high-quality by design). Driving was mostly naturalistic, with
reference speeds of 85 km/h and 95 km/h maintained long
enough for parameter estimation. For each vehicle, the 70% of
the data collected in the highway scenario has been used for
learning purposes, i.e., to identify ρ(Ω), γ1(Ω), and γ2(Ω). The
remaining data, including unused portions of highway trials as
well as off-road and urban segments, was employed for validation.
After the split, learning and validation data were both segmented
into non-overlapping windows of 100 meters. Then, according
to the algorithm reported in Section 3, only those in which
the vehicle speed standard deviation was below 2.5 km/h were
considered, to enforce constant-speed conditions. Accordingly,
less than 1% of the data was excluded. The signal has then
been resampled with respect to the spatial domain. Once the
dataset was curated, the vehicle parameters could be learned.

Specifically, the learning phase consists of the following:

(1) Estimate the functions ρ(Ω), γ1(Ω), and γ2(Ω) via least
squares regression (32).

(2) Compute cAzvref
(q), according to (33).

Then, the identified parameters are used to compute RPI
online for each new window in the validation dataset by
evaluating (29). Therefore, it can be noted that, since the online

RPI prediction only requires spectrum and cepstrum estimation
and the evaluation of closed-form expressions, the computational
burden is low and compatible with real-time deployment. The
resulting RPI distributions for each road surface are reported
in Figure 1. Before analyzing the results, it is worth noting
that the presented analysis is not intended as a classification
pipeline, but as an a posteriori assessment. Specifically, the
aim is to verify that road quality indicator distributions across
the three terrains are statistically distinguishable, regardless of
vehicle and speed. These results demonstrate the effectiveness
of the proposed index, showing that RPI produces consistent
values regardless of vehicle speed and dynamic behavior, thereby
confirming its robustness and reliability.
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Fig. 1. Aggregated distribution of RPI in the validation dataset.

To further demonstrate the effectiveness of the proposed
index, it has been compared with alternative formulations. To
this end, an ablation study has first been performed to prove the
need for each of the debias terms included. To this end, always
considering validation data, three indices have been evaluated:

• RPIroad=
√∑Q

q=0q|cAzvnew
(q)−cAzvref

(q)|2.
This formulation only accounts for the bias due to the
reference road surface;

• RPIvehicle=
√∑Q

q=0q|cAzvnew
(q)−∆vnew,vref (q)|2.

This formulation only accounts for the bias due to the vehicle
dynamics at different speed;

• RPInone=
√∑Q

q=0q|cAzvnew
(q)|2.

This formulation does not account for any bias compensation.

In addition, the proposed index has been compared with three
common counterparts from the literature that rely on the same
sensor setup. As discussed in Section 1, these indices typically
focus on the energy content of the vertical acceleration signal,
analyzed either in the frequency or in the time domain. To
this end, an index based on the power spectrum of the vertical
acceleration signal has first been computed, defined as the
Spectral Quality Index. Inspired by Leoni et al. (2023) and the
traditional IRI formulation, this index has been formulated as:

SpectralQualityIndex=

=
√
|Area[ϕAznew(Ω)]−Area[ϕAzref (Ω)]|,

where Area[ϕAzn] is the area under the power spectrum of the
signal, representing its energy content. Also, the formulation
proposed in Wage and Sester (2021) has been evaluated, which
is based on the median of the vertical acceleration in a specific
window of data. According to its definition, this index, defined
as Median Quality Index, has been computed as:

MedianQualityIndex=
MAD(t)

5ṽ
(35)

where MAD(t)=median
(
|Az(t)−Ãz|

)
, and Ãz and ṽ are the

median vertical acceleration and the median vehicle speed in
the window, respectively. Last, the formulation in Zeng et al.
(2018) has been taken into account, which defines the roughness
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Fig. 2. Aggregated distribution of the ablated version of the proposed RPI and of the literature index formulations.

index as the RMS of the vertical acceleration signal within a
window W :

RMSQualityIndex=

√
1

W

∫ W

0

Az2(t)dt. (36)

The objective of these analyses is to evaluate the ability of
each index to provide values that are consistent with the actual
road quality of the test, while being consistent with changing
vehicle and traveling speed. Therefore, the index distribution
with respect to terrain and vehicle has been investigated. The
results are shown in Figure 2. RPI values are normalized in
[0,1] for comparison, without vehicle-specific scaling to avoid
compensating vehicle-induced biases.
The ablation study shows that the proposed RPI outperforms
all alternatives, which are affected by biases from vehicle
dynamics and speed. For instance, RPIroad correctly assigns
low values to highways but fails to distinguish urban and off-
road segments, with strong influence from vehicle dynamics.
Similarly, RPIvehicle removes speed-related effects but remains
biased by vehicle type, while RPInone is highly inaccurate, even
misclassifying highways as worse due to higher speeds. Among al-
ternative indices, the Spectral Quality Index follows the expected
trend but exhibits high variance and strong vehicle dependence,
highlighting limitations of frequency-based and machine learning
approaches. The Median Quality Index shows weak class
separation and high variability, as it does not compensate for
speed and vehicle dynamics. The RMS Quality Index, being time-
domain, is strongly affected by speed, often increasing for urban
and highway segments due to higher velocities, leading to biased
estimates. Overall, these results confirm that time-domain met-
rics coupled with speed fail to reliably discriminate road quality.

5. CONCLUDING REMARKS

This work proposes a novel roughness index, RPI, designed
to be independent of vehicle dynamics and speed. Using
cepstral analysis of vertical acceleration, it decouples vehicle
modes from road quality without requiring prior knowledge of
vehicle parameters, relying instead on a one-time calibration.
This makes the method scalable, simple, and cost-effective.
Experimental validation on naturalistic drives with different
vehicles shows consistent results across speeds. Future work will
assess robustness on larger fleets, including heavy-duty vehicles,
and investigate higher-order vehicle models.
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