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ABSTRACT Road traffic noise is a persistent environmental exposure for communities near highways and arterials, and it is shaped not only by vehicle
flow and speed but also by roadway surface features intended for safety. Transverse rumble strips introduce deliberate geometric discontinuities
that improve driver alertness, yet the same discontinuities can elevate exterior acoustic emissions through impulsive tire-pavement excitation. This
paper develops a predictive modeling framework for external noise from transverse rumble strips that integrates mechanistic source characterization
with acoustic simulation and data-driven regression. The approach treats rumble-strip geometry and operating conditions as parametric inputs,
converts tire-strip interaction into an equivalent distributed boundary excitation, and propagates the resulting sound field through a computational
domain that captures near-field scattering and far-field radiation. Frequency-resolved emission descriptors are computed from simulated pressure
time histories to support both regulatory-style metrics and diagnostic spectral signatures. Statistical learning is then used to map design and
operating variables to sound pressure level outcomes while quantifying uncertainty and separating systematic effects from stochastic variability.
The resulting workflow supports rapid evaluation of alternative rumble-strip geometries under constraints on safety-relevant vibration and provides

a technical basis for balancing alerting effectiveness against external noise impacts without relying solely on extensive field campaigns.

broadband increase; it often contains strong tonal or
quasi-tonal components tied to strip spacing and vehi-
cle speed, transient components tied to entry and exit
events, and amplitude modulation linked to axle spac-
ing, suspension dynamics, and tire tread pattern. Pre-
dicting exterior emissions is therefore a multi-physics
problem in which contact mechanics, structural vibration,
and acoustic radiation interact across multiple time and
length scales.

Field measurements remain essential for character-
izing real-world impacts, but they face practical con-
straints. Ambient wind, temperature gradients, nearby
reflecting surfaces, traffic heterogeneity, and microphone
placement variability can obscure causal links between

1. Introduction

Transverse rumble strips are intentionally patterned fea-
tures placed across the travel path so that a vehicle
traversing them experiences oscillatory excitation, gen-
erating tactile and audible feedback for the driver [1].
Their safety purpose is to increase driver awareness,
particularly where lane departure or approach-speed
management is a concern. From an exterior-noise per-
spective, however, the same mechanism that produces
driver-perceptible cues can increase sound radiated by
the tire, the vehicle underbody, and the adjacent road-
way structure. The resulting acoustic field is not a simple
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rumble-strip geometry and measured sound levels. More-
over, measurements provide limited information about
counterfactual designs that are not yet built. A predic-
tive framework that combines acoustic simulation with
data-driven inference can address these limitations by
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Figure 1 Overall modeling workflow for predicting exterior noise from transverse rumble strips. Parametric rumble-strip geome-
try and operating conditions drive a mechanistic tire-strip excitation model, which is converted to an equivalent acoustic source
representation compatible with numerical propagation solvers. Frequency- and time-domain simulations yield receiver pressure
histories that are post-processed into decibel and spectral metrics, and these outputs feed a statistical learner that delivers
uncertainty-aware predictions and supports optimization of rumble-strip designs under safety and noise constraints.

enabling systematic parametric sweeps, controlled iso-
lation of variables, and uncertainty quantification. Such
a framework is also useful when the design objective
is not merely to predict noise, but to understand how
design modifications redistribute acoustic energy across
frequency bands that align with human perception, build-
ing facade transmission, or regulatory weighting curves.

The modeling challenge begins at the source [2]. A
tire rolling over transverse grooves or bars experiences
a sequence of vertical displacements and force perturba-
tions at the contact patch. These perturbations depend
on groove depth and width, edge sharpness, spacing,
and the compliance of both the tire and the pavement.
The tire response includes rigid-body and flexible modes,
with the latter contributing to radiation efficiency as the
vibrating sidewall and tread act as distributed acoustic
sources. Additionally, the underbody cavity and wheel
well can act as resonant scatterers that shape the emit-
ted spectrum. For exterior receivers, propagation further
filters the source through geometric spreading, ground
interference, atmospheric absorption, and scattering by
roadside terrain or barriers. A credible prediction model
must therefore represent source excitation, radiation,
and propagation in a way that is parameterized, com-
putationally tractable, and compatible with statistical
learning.

Acoustic simulation techniques provide a structured
path forward. In the frequency domain, the linearized
acoustic field in homogeneous media can be repre-
sented by the Helmholtz equation, and radiating solu-
tions can be obtained using finite element methods (FEM)

in bounded domains coupled to radiation conditions,
or boundary element methods (BEM) in unbounded do-
mains. In the time domain, finite-difference time-domain
(FDTD) or discontinuous Galerkin methods can capture
transient impulses and nonstationary modulation, at the
cost of more stringent stability and resolution require-
ments. Because rumble-strip noise includes both tran-
sient and periodic features, a hybrid workflow is attrac-
tive: generate a physically interpretable excitation model,
compute acoustic transfer functions using frequency-
domain solvers, and reconstruct time histories via con-
volution or inverse transforms, while also allowing di-
rect transient simulation when needed for entry and exit
events [3].

Yet simulation alone is rarely sufficient for practical de-
sign decisions. Even when geometry is precisely known,
uncertainty in tire properties, vehicle fleet composition,
and operational conditions can dominate prediction er-
ror. A statistical layer is therefore needed to connect sim-
ulation outputs with observed variability and to provide
predictive distributions rather than single deterministic
values. This motivates a two-level model: a mechanis-
tic simulation generates physically constrained features,
and a statistical learner maps those features and input
parameters to predicted external noise metrics while es-
timating uncertainty and enabling hypothesis tests about
design effects. Such an approach can also support cal-
ibration, where a limited set of measurements is used
to tune uncertain parameters in the simulation so that
extrapolation to new designs is less speculative.

This paper presents an integrated framework for
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Figure 2 Mechanistic source characterization mapping rumble-strip geometry to acoustic boundary excitation. The transverse
profile and spacing define a base excitation that is filtered through an effective tire contact model to produce a contact force
sequence, which in turn excites reduced-order tire modes and yields an equivalent normal velocity distribution on radiating
surfaces. Nondimensional parameters such as the strip wavenumber relative to contact-patch length and the ratio of encounter
frequency to tire resonances organize the response, while the resulting harmonic structure and modal content provide physically
interpretable features for downstream acoustic radiation and statistical learning.

predictive modeling of external noise emissions from
transverse rumble strips using acoustic simulation tech-
niques. The development proceeds by formalizing the
tire-rumble-strip interaction as a parametric excitation
process and by defining equivalent acoustic source repre-
sentations suitable for numerical propagation models. It
then details numerical discretization strategies for near-
field and far-field acoustics, including coupled FEM-BEM
formulations and absorbing boundary treatments, to-
gether with resolution criteria tied to frequency content
and strip spacing. Next, it defines frequency-spectrum
and decibel-based descriptors that translate simulated
pressure signals into metrics used for comparison and de-
sign, including weighted levels, band-limited levels, and
time-frequency energy maps. Finally, it constructs statis-
tical predictive models that combine simulated features
with parametric inputs, applying regression, regulariza-
tion, Gaussian-process-style correlation structures, and
hypothesis testing to quantify the influence of design
parameters and to produce uncertainty-aware predic-
tions. The framework is oriented toward engineering use
where the goal is not only to forecast noise levels, but
to provide interpretable sensitivities and optimization
pathways for geometry modification under operational
constraints.

2. Mechanistic Source Characterization of Tire-
Rumble-Strip Excitation

A transverse rumble strip can be idealized as a repeat-
ing geometric profile along the travel direction, with a
characteristic spacing that converts vehicle speed into
an excitation frequency. Let the longitudinal coordinate
along the lane centerline be denoted by x, and let the

rumble-strip surface elevation relative to a nominal road
plane be z;(x; 8), where 8 encodes geometric parameters
such as groove depth, groove width, edge radius, strip
spacing, and pattern length. For a vehicle traveling at
speed V, the contact patch experiences the surface pro-
file as a time signal z;(V't; ) in the simplest kinematic
mapping. This mapping is only a starting point because
the tire filters the imposed displacement through com-
pliance, damping, and internal structural dynamics, and
because the contact mechanics mediate whether the
tread follows the groove bottom or bridges across it.

A common modeling approach is to represent the verti-
calinteraction at the contact patch through an equivalent
linear time-invariant system in which the pavement pro-
file acts as a base excitation. Let y(t) denote an effective
vertical degree of freedom representing the tire belt or
unsprung mass displacement at the patch, and let the
road input be u(t) = zs(Vt; ). A minimal linear model is

my(t) +cy(t) + ky(t) = ku(t) + cu(t),

where mis an effective mass, ¢ an effective damping, and
k an effective stiffness. The contact force transmitted to
the pavement or radiating structure can be approximated
as

F(t) = k(y(t) —u() +c(y(t) - u(t)).

While this representation is simplified, it highlights two
key facts: the excitation is shaped by both the geometry
u(t) and the dynamical filter defined by (m, ¢, k), and the
force contains contributions proportional to relative dis-
placement and velocity, thereby amplifying sharp edges
and high-frequency components of the strip profile. More
elaborate models embed multiple modes for the tire belt
and sidewall, incorporate nonlinear stiffness or contact
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Figure 3 Numerical acoustic domain decomposition used to propagate rumble-strip excitation to roadside receivers. Equivalent
velocity boundary conditions derived from the tire-strip interaction drive a near-field acoustic finite-element model, which

is truncated with absorbing layers and coupled across an interface to a boundary-element representation of the unbounded
exterior field. Ground reflection and impedance effects are incorporated through boundary conditions in the exterior domain,
enabling prediction of level and spectral variations with receiver position while keeping the spatial discretization concentrated

near the geometrically complex source region.
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Figure 4 Signal-processing chain converting simulated acoustic pressures into noise descriptors suitable for design and assess-
ment. Time-domain pressure histories from the acoustic solver are transformed into frequency and time-frequency representa-
tions, from which power spectral densities and band levels are derived. Weighting operations, windowing choices, and traversal
segmentation distinguish steady-periodic contributions from transient entry and exit events, while additional descriptors such
as tonal prominence and modulation features capture features of rumble-strip noise that are not reflected in overall A-weighted

sound-pressure levels alone.

loss, or represent the contact patch as a distributed re-
gion rather than a point. In practice, the modeling choice
can be aligned with the intended frequency range and
with the computational budget of the coupled acoustic
simulation.

The periodicity of transverse rumble strips implies
that a large portion of the excitation is quasi-periodic
when the vehicle remains centered and maintains approx-
imately constant speed [4]. If the strip spacing is s, then
the nominal encounter rate is f, = V/s. The excitation
spectrum contains a fundamental near f; and harmonics
due to non-sinusoidal profile shapes and edge disconti-
nuities. For a profile z;(x) that is periodic with period s,
the Fourier series representation can be written as

z5(x) = Z Znei27rnx/s,

n=-—o0o

which, under the mapping x = V¢, yields temporal fre-
quencies f, = nV/s. The force spectrum is then shaped by
the mechanical transfer function of the tire-suspension
system. In the frequency domain, if Y (w) and U(w) are
the Fourier transforms of y(t) and u(t), the transfer from
base input to relative displacement is

Y(w)-U(w) B mw?
U(w) T o k-mw?+icw’

which emphasizes frequencies near resonance where
k ~ mw? and attenuates very low frequencies where the
tire follows the base motion. This suggests that rumble-
strip spacing that aligns f, or low-order harmonics with
dominant tire or suspension resonances can increase
radiated noise, even if the geometric amplitude is un-
changed.

The excitation also couples to structural vibration of
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Figure 5 Data-driven prediction layer that compresses simulation and measurement information into fast surrogate models.
Parametric descriptors of geometry, operating conditions, and mechanistic outputs populate a design database that trains

a flexible learner to map inputs to external noise metrics. Field measurements provide calibration and model-discrepancy
information, while predictive uncertainty and sensitivity measures are used to quantify confidence, support hypothesis tests
about geometric effects, and identify directions in parameter space that most strongly influence external rumble-strip noise.

{ 222 Design space of rumble-strip geometry parameters }

l

{7!. Sampling, simulation and surrogate updates J

l

{ Noise vs. alerting tradeoff surfaces }

i

{ Robust objectives, quantile and risk-aware criteria }

i

{@ Candidate geometries for implementation }

[I& Uncertainty propagation across fleet & environment}

{A Safety and regulatory constraints

Figure 6 Parametric analysis and optimization layer for balancing exterior noise with safety-related performance. The framework
explores a design space of rumble-strip geometry through sampled simulations and surrogate models, building tradeoff sur-
faces that relate external acoustic metrics to alerting proxies. Uncertainty propagation over vehicle fleets and environmental
conditions informs robust and quantile-based objectives, while explicit constraints enforce minimum safety performance and

compatibility with noise regulations, leading to candidate geometries that reflect both physical variability and modeling limita-

tions.

the pavement and adjacent components. The pavement
can be idealized, over a limited region, as an elastic plate
on a foundation, with the rumble strip acting as a lo-
calized stiffness and mass perturbation [5]. Let w(r,t)
denote vertical deflection of the pavement surface at pla-
nar coordinate r = (x, y), and consider a plate equation
of the form

DV*w (K, t) + pphw (X, t) + nw (K, t) + Kew(F, t) = pe(r, t),

where D is bending stiffness, p, density, h thickness, n
damping, Kr a foundation stiffness, and p. the contact
pressure distribution. Although exterior airborne noise
is often dominated by the tire itself, pavement vibration
can contribute, especially when grooves induce higher
contact-force variation or when the pavement includes
features that increase radiation efficiency. Even when the
pavement contribution is small, pavement compliance
influences the contact force and thus the tire vibration,
making it relevant indirectly.

To translate the mechanical excitation into an acoustic
source model, a useful abstraction is an equivalent nor-

mal velocity boundary condition on a radiating surface.
Suppose a portion of the tire sidewall or tread surface is
represented by a boundary I with outward normal n. If
the local normal velocity is v,(r, t), then in linear acous-
tics the radiated field can be computed from boundary
integral or FEM formulations. The challenge is to obtain
v, from the mechanical excitation model without simulat-
ing the full tire structure. One route is to use an empirical
or reduced-order radiation model in which the contact
force F(t) excites a small set of vibration modes whose
shapes ¢;(r) and modal coordinates g;(t) satisfy

Gi () + 287G (t) + wlq;(t) = a;F (1),

with w; modal frequencies, {; damping ratios, and a;
participation factors. The normal velocity is then approx-
imated as

J
ACHEDWAGEAGE
j=1

This representation is attractive because it can be pa-
rameterized and calibrated, and it naturally produces



resonant peaks in the radiated spectrum. It also enables
separation between a quasi-periodic component driven
by the strip sequence and a stochastic component driven
by tread pattern, lateral wander, and microtexture.

Because the excitation is speed dependent, it is conve-
nient to define nondimensional parameters that organize
the response [6]. A key ratio compares the excitation
wavelength in space to the contact patch length L.. The
spatial wavenumber of the strip pattern is ks = 2x/s,
and a nondimensional measure is k;L.. When kL. < 1,
the contact patch averages the profile, reducing force
variation; when k;L. 2 1, the patch resolves the periodic
features, increasing force modulation. A second ratio
compares the excitation frequency to a representative
tire resonance, wo/w;, where wg = 27V /s. These ratios
can be used as features in predictive models and can
guide mesh and timestep requirements in numerical sim-
ulations.

In external noise prediction, it is often necessary to
distinguish between near-field emissions close to the
wheel and far-field levels at roadside receptors. The
source model must therefore be compatible with radia-
tion calculations over a range of distances. An effective
strategy is to compute a source strength in terms of equiv-
alent volume velocity Q(t) or surface velocity distribu-
tion v,(r, t) and to couple it to propagation models that
include ground and atmospheric effects. For example, if
the source is approximated as a compact monopole for
low frequencies, the radiated pressure at distance R in
free field is

po dQ(t—R/co)

t) ~
p(t) 4R dt

with ambient density po and sound speed c¢,. For higher
frequencies where the source is not compact, directivity
and interference effects become important, motivating
the use of distributed boundary sources in numerical
solvers [7]. The remainder of the framework therefore
focuses on simulation methods capable of handling both
compact and distributed radiation in a parameterized
setting.

3. Acoustic Simulation Techniques and Numer-
ical Discretization

The acoustic field generated by rumble-strip excitation is
typically well described by linear acoustics in air for the
sound-pressure levels and distances relevant to environ-
mental assessment, provided that nonlinear propagation
effects are negligible. Under the assumption of time-
harmonic dependence e'“¢, the acoustic pressure p(x, w)
in a homogeneous medium satisfies the Helmholtz equa-
tion
VZp(x, w) + k2 p(X, w) = 0,

where k = w/cq is the acoustic wavenumber. Boundary
conditions encode the coupling to vibrating surfaces and

impedance effects. On a vibrating boundary I, with pre-
scribed normal velocity v, (X, w), a Neumann condition
is

op

on
On an impedance boundary I, that models energy ab-
sorption or porosity, an admittance condition can be
written as

(x’ C()) = _inOVn(x’ C()), Xe rV'

op .
3, = ikBlw)p,

where B(w) relates to normalized surface impedance.
These expressions provide a direct interface between
the source characterization described previously and the
propagation solver.

Finite element methods discretize the Helmholtz equa-
tion in a bounded domain Q containing the source and
near-field region. The weak form is obtained by multiply-
ing by a test function w and integrating by parts:

P
/Vw~Vde—k2/wde—/ wP ar - o.
o Q o On

Boundary integrals incorporate Neumann excitation and
radiation conditions. Because the physical domain is un-
bounded, truncation is required, and the outer boundary
must approximate outgoing waves [8]. One approach isto
use absorbing boundary conditions such as a first-order
Sommerfeld condition,

o= ikp,

on an artificial boundary sufficiently far from the source.
A more robust approach uses perfectly matched layers
(PML), which introduce complex coordinate stretching to
attenuate outgoing waves without reflection. In practice,
PML implementation requires careful selection of layer
thickness and attenuation profile to avoid numerical re-
flection at discrete interfaces.

Discretization leads to a complex-valued linear system

Kp =f,

where K includes stiffness-like and mass-like terms and
boundary contributions, and f encodes Neumann excita-
tion from vibrating surfaces. The system is indefinite for
many frequencies, and solver choice matters. Direct fac-
torization is robust for moderate sizes but expensive for
high-frequency 3D problems; iterative Krylov methods
with suitable preconditioning are often required. Be-
cause rumble-strip noise can include significant energy
up to several kilohertz depending on speed and geome-
try, the mesh resolution must satisfy wavelength criteria.
A common guideline is to use at least N, nodes per wave-
length, often with N, between 6 and 12 depending on
element order and desired accuracy. If the maximum fre-
quency of interest is fnax, then the smallest wavelength
iS Amin = co/fmax, and the characteristic element size A,
should satisfy he < Apin/Na. This requirement can make



Layer

Primary role

Representative methods /
outputs

Mechanistic source characterization

Acoustic propagation

Signal processing

Statistical prediction

Parametric analysis and optimization

Map rumble-strip geome-
try and speed to contact
excitation

Compute near- and far-
field sound radiation

Transform pressure time
histories into noise met-
rics

Relate inputs and simu-
lated features to noise
metrics with uncertainty

Explore design space
and tradeoffs under
uncertainty

Parametric surface profile
z5(x;0), base-excited tire
model, modal radiation sur-
rogates

Helmholtz FEM, BEM, FEM-
BEM coupling, time-domain
wave solvers, transfer func-
tions

SPL, A-weighted levels, band
levels, PSDs, spectrograms,
tonal indicators

Regression, Gaussian-
process emulators, regular-
ization, multi-output models

Sensitivity maps, robust ob-
jectives, multi-fidelity opti-
mization, constraint handling

Table 1 Key components of the integrated framework for predicting external noise from transverse rumble strips.

full-domain FEM expensive, motivating hybrid methods
[o].

Boundary element methods are attractive for exterior
acoustics because they satisfy the radiation condition in-
herently by using Green’s functions in an unbounded do-
main. For the Helmholtz equation, the free-space Green'’s
function is

G e’.klx_y‘
Xy)=————.
Y= Zrxy
Using boundary integral identities, the pressure at a field
point can be expressed in terms of boundary pressure
and its normal derivative. A representative boundary
integral equation on a boundary I is

1 op oG
3p00 = [ (09 oW - p) 3= 0ey) dr). xer.

With Neumann data from a prescribed normal velocity,
one can solve for boundary pressure and then evaluate
the field at receiver points. BEM reduces the dimension-
ality of the mesh by one, but it yields dense matrices
and can suffer from irregular-frequency issues unless
stabilized. Fast multipole acceleration or hierarchical
matrix compression can reduce computational complex-
ity, enabling parametric sweeps needed for predictive
modeling.

A practical strategy for rumble-strip noise is FEM-BEM
coupling. FEM is used to represent the complex near-
field region that includes the tire, wheel well, and pos-
sibly ground impedance variations, while BEM provides
an efficient radiation representation for the unbounded
exterior. Coupling can be accomplished by enforcing con-
tinuity of pressure and normal velocity on an interface
boundary I, that encloses the near-field region [10]. In
one formulation, FEM solves the interior problem with
unknown boundary pressure on I, while BEM provides

a Dirichlet-to-Neumann map that relates pressure on I,
to its normal derivative consistent with outgoing waves.
The coupled system can be written abstractly as

Keem € | [Pint|  |fint

)

C" Keem| [pr. 0

where pr. denotes degrees of freedom on the coupling
boundary. The principal value of this approach is that
the computationally demanding discretization is concen-
trated where geometric complexity is high, while the far
field is handled analytically through boundary integrals.
Time-domain simulation is useful when the excitation
is strongly transient, such as the first and last strip im-
pacts, or when one wants to model nonstationary speed
or lateral wander. In a simple second-order wave equa-
tion form,
1 0%p
C_gﬁ — Vzp = S(X, t),
a finite-difference time-domain method discretizes both
space and time. Stability is governed by a Courant con-
dition; for a uniform grid spacing Ax in 3D, a typical re-
quirement is
Ax

At < .
coV3

This can be restrictive at high frequencies. Nevertheless,
a time-domain solver can be combined with model-order
reduction or with band-limited excitation to focus on the
most relevant frequencies. Another time-domain route is
to use impulse-response modeling: compute frequency-
domain transfer functions from source surfaces to re-
ceiver points and then apply inverse transforms to obtain
time signals for arbitrary force inputs [11]. If H(w) is the
transfer function from a source volume velocity Q(w) to



Role in modeling tire-strip excita-
tion

Symbol Quantity

s Strip spacing

dg Groove depth

Wg Groove width

re Edge radius

Ly Pattern length

% Vehicle speed

L; Contact patch length

Sets encounter frequency f, = V/s
and harmonic structure of excita-
tion

Controls vertical displacement am-
plitude and low-frequency force
variation

Influences contact patch bridging
and effective sharpness of profile
edges

Governs high-frequency content via
impulsiveness of tire entry and exit

Determines number of effective en-
counters per traversal and build-up
to steady state

Scales temporal mapping x = V¢t
and shifts harmonic frequencies
across bands

Enters nondimensional ratio L.
that controls geometric averaging
of the profile

Table 2 Geometric and operational parameters that define the rumble-strip excitation environment.

pressure at a receiver, then
P(w) = H(w)Q(w),

and the time signal is obtained by inverse Fourier trans-
form with suitable windowing to control wrap-around
effects.

Numerical simulation of rumble-strip noise also re-
quires representing the ground. The ground can be mod-
eled as a rigid plane, an impedance boundary, or a lay-
ered medium. A rigid plane yields strong interference
patterns due to mirror-image sources, often producing
pronounced spectral ripples at receivers. An impedance
boundary smooths this interference by dissipating energy
and altering the reflection phase. In frequency-domain
models, a locally reacting impedance condition can be
used, but it may not fully capture grazing-incidence be-
havior over porous grounds. A compromise is to use
an effective impedance model that is calibrated against
typical ground types, treated as uncertain in the statisti-
cal layer. For road-adjacent receivers, the height above
ground and the source height at the wheel are critical,
because small changes can shift interference minima and
maxima across bands, affecting A-weighted levels even
when unweighted energy is similar.

The final element of simulation concerns computa-

tional efficiency for parametric studies [12]. Rumble-strip
prediction often requires exploring a design space of
groove depth, spacing, pattern length, and edge shape,
as well as operational variables such as speed and lateral
offset. Direct high-fidelity simulation for every design
point can be prohibitive. Two efficiency approaches are
therefore integrated: precompute acoustic transfer func-
tions for a fixed geometry and vary only excitation, and
build surrogate models that approximate simulation out-
puts as smooth functions of input parameters. In the
first approach, the geometry-dependent transfer matrix
from boundary velocity degrees of freedom to receiver
pressure is computed once per geometry, enabling rapid
evaluation across speeds and excitation realizations. In
the surrogate approach, a limited set of simulations is
used to train an emulator such as a Gaussian-process
regression or polynomial chaos expansion, reducing the
number of expensive solves required for optimization
and uncertainty propagation.

4. Frequency Spectrum Analysis, Decibel Met-
rics, and Propagation Modeling

External noise assessment relies on signal processing
that converts simulated or measured pressure time histo-



Quantity Definition Physical interpretation Domain

u(t) z5(V't; 0) Effective base displacement Source
imposed by strip profile at
the contact patch

y(t) Tire / unsprung mass ver- Filtered response of tire- Structural

tical DOF suspension system to u(t)

F(t) k(y —u)+c(y—u) Contact force driving tire vi- Coupling
bration and pavement load-
ing

fo V/s Fundamental encounter fre- Spectral
quency associated with strip
spacing

ksl (2 /s)L, Measure of whether the con- Nondimensional
tact patch averages or re-
solves strip geometry

wo/w¢ (2nV/s)/w; Ratio of excitation to tire res- Scaling

onance, indicating potential
amplification

Table 3 Representative dynamical quantities governing tire-rumble-strip interaction and resulting excitation spectra.

Acoustic approach

Strengths for rumble-

strip problems

Typical limitations / preferred use

Frequency-domain FEM Handles complex Requires domain truncation and
near-field geome- fine meshes at high frequencies;
try and impedance best for moderate 3D bands
boundaries

Boundary element method (BEM)

Coupled FEM-BEM

Naturally enforces ra-
diation in unbounded
exterior domains

Dense

matrices,
frequency issues; efficient with fast

irregular-

Concentrates
cretization
source while treating

multipole or for few frequencies
dis-
near

More complex implementation; at-
tractive for detailed wheel-well and
ground modeling

far field analytically

Time-domain wave / FDTD

transients,
entry/exit events, and
modulation effects

Captures

Courant timestep constraints and
long run times at kilohertz frequen-
cies; useful for selected scenarios

Table 4 Comparison of acoustic simulation strategies for modeling radiation from rumble-strip-induced excitation.

ries into standardized descriptors. For a pressure signal
p(t) at a receiver, the root-mean-square pressure over a
window of duration T is

—I to+T
Prms = ?/ p2(t) dt.
to

Sound pressure level (SPL) in decibels is then defined as

Prms )

Pref

where pef is a reference pressure, commonly 20 uPa in
air. Because rumble-strip noise is often nonstationary,
the choice of windowing affects pyms and therefore L,,.
For a vehicle traversing a finite strip array, it is useful to
compute both a traversal-integrated metric, which cap-
tures total exposure over the event, and a steady-state

metric computed over the central portion where period-
icity is established. This distinction can be represented
by selecting different 7 and window locations [13].

Frequency-domain descriptors are essential because
rumble-strip excitation can concentrate energy at har-
monics of the encounter rate. The discrete Fourier trans-
form of a sampled signal p[n] = p(nAt) forn=0,...,N-
1is

N-1
Pkl =) pln]e~2mkn/N,
n=0

with frequency bins /. = k/(NAt). The power spectral

density (PSD) can be estimated as

2At )
Pk

N |PLK]I%,

for one-sided spectra under appropriate conventions.

Spp(fk) =



Target quantity

Symbol / relation

Guideline Implication for sim-

ulations

Maximum frequency of interest  fiax

Smallest wavelength Amin = €0/ fmax

Element size he
Nodes per wavelength N,
Time step (FDTD) At

Chosen from expected Sets smallest

harmonic contentand wavelength  and

regulatory bands strongest  mesh
constraints

Derived from fax and  Basis for element-
sound speed ¢ size and timestep
criteria

he S Amin/Na, with Controls FEM/BEM
Ny = 6-12 accuracy and com-
putational cost

Tuned to balance dis- Higher N, needed
persion error and run  near strong gradi-
time ents or scatterers

At < Ax/(coV3)in3D  Imposes stability
limit for transient
simulations at high

resolution

Table 5 Meshing and timestep guidelines linking frequency content to numerical resolution requirements.

Because single-record periodograms are noisy, averag-
ing methods are commonly used. A Welch-style esti-
mator partitions the record into overlapping segments,
applies a taper, computes periodograms, and averages
them to reduce variance. In simulation, variance can
also arise from stochastic excitation components rep-
resenting tread pattern or lateral wander, so averaging
across realizations can be used to obtain stable spectral
signatures.

Time-frequency analysis is helpful for capturing the
evolution from the initial impact into steady periodic
excitation. The short-time Fourier transform (STFT) of
p(t) with window function g(¢t) is [14]

P(t,w) = / p(1)g(t —t)e “7 dr.
The spectrogram |P(t,w)|? reveals whether energy is
concentrated in stationary bands or appears as bursts
aligned with strip encounters. In predictive modeling,
features derived from the spectrogram such as band-
integrated energy or modulation depth can improve map-
ping from geometry to perceived loudness, since human
response can be sensitive to modulation and tonal promi-
nence.

Environmental noise practice often employs frequency
weighting and banding. A-weighted SPL, denoted L, 4,
applies a frequency-dependent weighting W4 (f) that
approximates human sensitivity at moderate levels. In
spectral terms, if S,,(f) is the PSD, an A-weighted mean-
square pressure can be computed as

p,%\,rms = ‘/O Wj(f)spp(f) ar,

and the corresponding level is L4 =
10log;o (pi’rms/p?ef). Band-limited descriptors such as

1/3-octave band levels aggregate energy over logarithmi-
cally spaced bands. If a band spans frequencies [f, 2],
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the band mean-square pressure is
) f
Pband = ‘/f SPP(f) df,
1

and the band level is Lyang = 10108, (,of)and/p2 ) These

ref
band levels can reveal which harmonics dominate and

how design changes shift energy across bands.
Propagation from the source region near the tire to
external receivers is shaped by geometric spreading, re-
flection, atmospheric absorption, and scattering. In free
space, a compact source yields a 1/R decay of pressure
amplitude, implying a 20log;,(R) decay in level. Near a
ground plane, interference between direct and reflected
paths produces frequency-dependent amplification or
attenuation. For a rigid ground, the reflected wave has
approximately the same magnitude as the direct wave
with a phase shift determined by path-length difference.
If Ry is the direct path length and R, the reflected path

length, a simplified pressure amplitude model is
e—ikRs  g=ikR.

R,

+

p(w) o

and the magnitude squared produces comb-filter-like
ripples. Introducing ground impedance modifies the re-
flection coefficient to be complex and frequency depen-
dent [15]. A common representation uses a plane-wave
reflection coefficient R(w, 8) that depends on incidence
angle 9 and normalized impedance Z(w):

Z(w)cosé -1

R(w,0) = —————.
(@,6) Z(w)Ccosb + 1

While this plane-wave formula is limited for finite sources

and near-field conditions, it provides insight into how

softer ground can reduce destructive and constructive



Definition (schematic)

Use in rumble-strip as-
sessment

Metric Symbol
Sound pressure level Ly
A-weighted SPL Lpa
Band level Lpand

Time-frequency energy  Spectrogram

Tonal prominence ALy

Event aggregation

Traversal / steady metrics

2010g;(prms/ Pref)

From Wa(F)Spp(f)
integrated over fre-
quency

10 lOgm(Pgand/Pfef)

|P(t, w)|? via STFT

Log ratio of harmonic-
band to background
energy

Different window
placements for full
pass vs central peri-
odic segment

Baseline external
noise indicator over
selected windows

Aligns predictions with
human loudness per-
ception and regula-
tions

Reveals how designs
redistribute  energy
across bands

Separates entry/exit
transients from steady
harmonic components

Quantifies tonal char-
acter linked to strip
spacing and speed

Distinguishes  expo-
sure measures from
quasi-stationary be-
havior

Table 6 Noise and spectral descriptors derived from simulated pressure signals at roadside receivers.

extremes, often lowering mid-frequency peaks but po-
tentially increasing some low-frequency components
through phase changes.

Atmospheric absorption can be incorporated as an
exponential decay with distance that increases with fre-
quency. A pragmatic frequency-domain representation
modifies the wavenumber to be complex, kK — k + ia(w),
where a(w) is an attenuation coefficient. The pres-
sure term e kR /R becomes e ¥Re-*(@IR /R |eading to
frequency-dependent level reductions. Temperature and
humidity influence a(w), and in predictive modeling
these can be treated as covariates or uncertain parame-
ters. For short roadside distances, absorption may be mi-
nor below 1-2 kHz but can become relevant at higher fre-
quencies, particularly for receivers tens of meters away.

A key advantage of acoustic simulation is the ability
to compute not only a single receiver level but a spa-
tial map of sound pressure around the roadway. This
supports analysis of how receiver height, setback dis-
tance, and barrier geometry affect predicted levels. For
example, if p(x, w) is computed on a grid of receiver lo-
cations, one can compute contours of L,(X) or L, (X)
and identify regions where ground interference produces
local maxima. Such maps also help diagnose whether
a proposed design change reduces noise uniformly or
merely redistributes it, which matters for multi-receptor
optimization.

Because rumble-strip noise can exhibit strong har-
monic structure, it is also helpful to define tonal metrics.
One technical route is to compute a prominence ratio
comparing energy in a narrow band around a harmonic
to energy in adjacent bands [16]. If £ is energy in a har-
monic band and £, is a background estimate, a log-based

prominence measure can be defined as

ALh = 10l0g10 (ﬂ) .

Ep
In predictive modeling, ALy, can be used alongside over-
all levels to capture whether a design is likely to produce
a distinct tonal character even when broadband level
changes are modest. Since the perceptual and annoy-
ance implications of tonality vary by context, reporting
both overall and tonal descriptors supports neutral tech-
nical evaluation without presupposing a single outcome
measure.

5. Predictive Statistical Modeling and Hypoth-
esis Testing

A predictive model for external rumble-strip noise must
reconcile two sources of complexity. First, the mapping
from geometry and operating conditions to radiated
noise is nonlinear and frequency dependent. Second,
real-world variability from tires, vehicles, and environ-
mental conditions can be large relative to design-induced
changes. A statistically principled approach treats simu-
lation outputs as structured information that constrains
the functional form while allowing stochastic terms to
capture variability and model discrepancy. The goal is
not to replace physics with regression, but to use re-
gression to compress physics into fast predictors and to
quantify uncertainty and evidence for parameter effects.

Let x € R? denote an input vector containing geomet-
ric and operational variables, for example strip spacing s,
groove depth dg, groove width w,, edge radius r, pattern
length L,, vehicle speed V, lateral offset &, and ground
impedance parameters. Let y denote a noise metric such

1



Model family

Role in the framework

Advantages for external
rumble-strip noise predic-
tion

Linear / generalized linear regression

Penalized regression (ridge, lasso, elastic net)

Gaussian process regression

Tree-based ensembles (RF, boosting)

Multivariate / latent-factor models

Multi-fidelity co-kriging

Baseline mapping
from engineered fea-
tures to metrics

Handles enlarged fea-
ture sets and interac-
tions

Emulator for expen-
sive simulations

Transparent  coefficients,
easy hypothesis testing,
good for low-order sensitivi-
ties

Controls overfitting, per-
forms feature selection,
supports interpretable spar-
sity

Provides predictive distribu-
tions and length-scale-based

Joint prediction of
band levels or spectra

Fusion of low- and
high-fidelity

sensitivity information

Flexible nonlinear pre- Capture interactions and

dictors thresholds; useful mean
models with post-hoc uncer-
tainty tools

Exploit cross-frequency cor-
relation and reduce dimen-
sionality of response

Reduces high-fidelity runs
simula- while maintainingaccuracyin
sensitive regions of design
space

Table 7 Representative statistical learning components used to emulate and interpret noise predictions.

as L, 4 at a specified receiver location, or a vector of
band levels. A baseline regression model is

y=f(X) +e,

where f is an unknown function and ¢ is a residual cap-
turing unmodeled variability [17]. In many settings, a
partially linear structure improves interpretability by sep-
arating known transformations from flexible components.
For example, because SPL involves a logarithm, it can be
useful to model mean-square pressure on a linear scale
and then transform. If u denotes predicted mean-square
pressure, one can model

logu = g(x) +n,

and then compute L, = 10[og10(u/pfef). This ensures
positivity of v and can stabilize variance.

Descriptive statistics provide an initial characteriza-
tion of simulation ensembles or measured datasets used
for calibration. For each metric y, the sample mean ,
variance sf,, skewness, and quantiles indicate whether
the distribution is approximately symmetric or heavy-
tailed. If repeated runs differ due to stochastic excitation
components, one can estimate within-condition variance
and compare it to between-condition variance induced
by geometry changes. A useful ratio is

Var(E[y|x])

SNRgeqm = ——— 1)
oM = Evar(y[x)]

which, when greater than 1, indicates that geometry-
driven effects are at least comparable to stochastic vari-
ability. If this ratio is low, predictive intervals will be
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wide and optimization should be cautious about over-
interpreting small differences.

For parametric interpretability, generalized linear
models or polynomial regressions can be used as a first
layer [18]. Suppose f(x) is approximated as f (Xx) = z(x) T8
where z(x) is a feature vector including nonlinear trans-
forms such as V/s for encounter rate, ksL. for patch-
resolution, and interactions like (d,)(V/s). Then B can
be estimated by least squares or penalized methods.
With n observations, the ridge estimator solves

B = argmin ly - 2112 + AlIBIZ,

while the lasso replaces the ¢, penalty with ¢;. Elastic net
combines both. Penalization is useful because feature
sets can be large when including frequency-band de-
scriptors and interactions. Coefficient magnitudes then
provide a rough sense of sensitivity, but interpretation
should account for feature scaling.

Hypothesis testing can be used to assess whether cer-
tain geometric parameters have statistically discernible
effects given noise and sample size. In a linear regression
with Gaussian errors, a test of Hy : ; = 0 uses a ¢ statistic

B

SE(B))
where SE is the standard error. If residual variance is het-
eroscedastic, robust standard errors can be used. When
comparing nested models, an F test or likelihood-ratio
test can assess whether adding a set of features improves

fit beyond chance. In the present application, hypoth-
esis tests should be interpreted as evidence within the

£



Aspect

Diagnostic

Interpretation for model
credibility

Overall level accuracy

Band-level structure
spectra

Predictive uncertainty
als r;

Speed and spacing trends

Within-condition variability

Cross-validation layout

Errors in L, or Lpa
across conditions

Residuals in Lpang OF

Errorvs V,s,or V/s

Measured vs modeled
variance across passes

Hold-out by geometry
| speed blocks

Checks global bias in pre-
dicted external levels vs mea-
surements

Reveals missed harmonic
content or mis-modeled
high-frequency roll-off

Standardized residu- Assesses calibration of uncer-

tainty; large tails indicate un-
derestimation of variability

Identifies deficiencies in ex-
citation scaling and propa-
gation at different encounter
rates

Tests stochastic source rep-
resentations (tread pattern,
wander, fleet mix)

Evaluates extrapolation reli-
ability to new designs rather
than repeated conditions

Table 8 Validation and uncertainty checks linking predictions to field or experimental measurements.

modeling assumptions rather than as definitive causal
claims, particularly because simulation-based datasets
may not reflect all real-world confounders. Nevertheless,
tests can identify which parameters are consistently in-
fluential across conditions and which appear negligible
relative to uncertainty [19].

Because the response surface may be highly nonlinear,
nonparametric or semi-parametric models are often ap-
propriate. Gaussian process regression provides a prob-
abilistic emulator with a kernel that encodes smooth-
ness assumptions. If £(x) is modeled as a Gaussian pro-
cess with mean m(x) and covariance K(x,x’), then for
observed datay at inputs {x;}, the predictive distribution
at a new input X, is Gaussian with mean and variance
derived from kernel matrices. A squared-exponential
kernel,

1, (x— x’)?
K(x,x) = o2 exp =D Tf ’
J=1 J

implies smooth dependence with characteristic length
scales ¢;. These length scales can indicate which vari-
ables the response changes rapidly with, providing a sen-
sitivity interpretation. If the response includes periodic
dependence on V/s, kernels with periodic components
can capture harmonic structure without requiring explicit
feature engineering.

Alternative learners such as random forests or
gradient-boosted trees can model nonlinear interactions
and discontinuities. However, their predictive uncertainty
is less straightforward unless specialized methods are

used. A useful compromise is to use such models as
mean predictors and to estimate uncertainty via quan-
tile regression, conformal prediction, or Bayesian addi-
tive regression trees. For engineering decisions, uncer-
tainty intervals are often more informative than marginal
improvements in point accuracy because they indicate
whether differences between designs exceed variability
[20].

An important aspect of predictive modeling in this
context is multi-output structure. One may predict a
vectory of B band levels or spectral features rather thana
single scalar. Modeling each band independently ignores
cross-frequency correlation induced by shared excitation
and propagation. A multivariate Gaussian process or a
latent-factor model can capture shared structure. For
example, one can represent band levels as

y(x) = Ah(X) + &,

where h(x) is a lower-dimensional latent vector mod-
eled by Gaussian processes and A is a loading matrix.
This reduces the dimensionality of the learning problem
and preserves coherent spectral shifts with geometry
changes. It also facilitates reconstruction of overall A-
weighted levels from predicted spectra.

Calibration against measurements can be formulated
as an inference problem where uncertain simulation pa-
rameters are estimated to match observed data. Let ¢ de-
note uncertain parameters such as effective tire stiffness,
modal damping, ground impedance scalars, or source
directivity coefficients. The simulation predicts ysi, (X, @),
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Category

Example expression

Purpose in design and
decision-making

External noise objective

Robustness to uncertainty

Alerting / safety constraint A(X)

Minimize Qg(x) for g- Target robust reduction of
quantile of L, 4

high-end external levels at
key receivers

Include u(x) + ko(x) in Penalize designs that rely
cost

on optimistic assumptions or
poorly constrained physics

> Amin based on Maintain minimum tactile
force or in-vehicle proxy

or audible cue strength for
safety performance

Geometric and implementation constraints  Bounds on s, dg, wg, pat- Ensure designs remain com-
tern length, constructabil- patible with construction

ity
Tradeoff curves between Visualize and negotiate com-

Multi-criterion exploration

practice and maintenance

noise metrics and alerting promises between commu-

measures

nity impact and safety objec-
tives

Table 9 Illustrative objectives and constraints for optimization of transverse rumble-strip geometries under uncertainty.

while observations y,ps satisfy

Yobs = )’sim(x, ¢) + 5()() te,

where 6(x) is a model-discrepancy term and e measure-
ment noise. Treating §(X) as a stochastic process avoids
forcing parameter estimates to absorb structural simula-
tion errors. Bayesian inference can then yield posterior
distributions for ¢ and predictive distributions for new
designs. Even outside a fully Bayesian approach, regular-
ized calibration that penalizes parameter deviation from
plausible ranges can improve generalization.

Model evaluation should emphasize out-of-sample
performance. If data include multiple speeds and ge-
ometries, cross-validation should be structured to avoid
leakage, for example by holding out entire geometries so
that the test set represents genuine design extrapolation
[21]. Error metrics can be defined on decibel scales, but
because decibels are logarithmic, differences correspond
to ratios in mean-square pressure. If y is in dB, the mean
absolute error MAE provides an interpretable measure
of typical deviation. For spectral outputs, a weighted
error can emphasize bands that contribute most to A-
weighting or that contain dominant harmonics. A spectral
error metric can be defined as

B
Espec = Z Wb (Yb — }7b)2 >
b=1

with weights w;, normalized to sum to 1. If w,, are propor-
tional to A-weighting contributions, the metric aligns with
perceived impact while still retaining spectral structure.

6. Standards-Based Field Alignment and
Design-Driven Noise Mitigation Pathways

A persistent barrier to actionable rumble-strip noise mit-
igation is the mismatch between what is easy to vary in
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simulation and what is credibly comparable to agency
measurement protocols. For transverse rumble strips,
the most decision-relevant quantities are rarely raw
acoustic pressures at an arbitrary virtual point; they are
standardized external descriptors computed over repre-
sentative pass-by events under continuous traffic flow,
together with in-vehicle increments that proxy alerting
efficacy. When simulation workflows are structured to
output the same class of time-integrated external de-
scriptors and in-cabin deltas used in practice, the re-
sulting predictors become easier to interpret and cali-
brate, and geometric tradeoffs can be expressed in the
same technical language used for complaints and design
exceptions. This section therefore frames a standards-
consistent linkage between simulation outputs and field-
style descriptors, and then uses that linkage to motivate
parameter regimes that tend to lower external emissions
while preserving in-vehicle increases.

A direct way to reconcile simulation and measure-
ment is to formalize the external descriptor as an event-
integrated functional of the pressure time history at a
roadside receiver [22]. Let p(t) denote simulated acous-
tic pressure over a pass-by event of duration 7, and let
W (f) denote a frequency-weighting operator applied
either in the frequency domain or via an equivalent
time-domain filter. The effective mean-square pressure
can be written as pZ; = %/OT(pW(t))zdt, where py (t)
is the weighted pressure. The corresponding level is
L= 1Olog1o(p§ﬁ/pfef). In simulation-based parametric

sweeps, it is often tempting to compare unweighted peak
values because they are visually salient, but peaks can be
dominated by entry or exit transients that may not govern
time-integrated descriptors under continuous-flow con-
ditions. A more robust comparison is obtained by com-
puting the same time-integrated or traversal-integrated
functional for each geometry and speed, and then ag-
gregating across a traffic distribution, for example by



defining an expected descriptor E[L|8] under a speed
probability density p(V). This expectation can be ap-
proximated by quadrature or Monte Carlo sampling as
E[L|6] ~ & XM_, L(8, V) with Vi, ~ p(V), ensuring that
the predicted effect of spacing, which shifts harmonic
content as fu = V/s, is averaged over realistic speed
variability rather than tied to a single nominal value.

Within such a standards-aligned evaluation, the de-
sign variables that most consistently control exterior
emissions are those that directly scale the magnitude and
sharpness of the contact excitation. For a simplified exci-
tation model, if the strip profile input is u(t) = z;(Vt; 8)
and the transmitted force spectrumis F(w) = Hr(w)U(w)
for some mechanical transfer function Hg, then geomet-
ric changes that reduce the amplitude of U(w) in the
band where |He (w)] is large will reduce the radiated field.
Shorter and shallower patterns can accomplish this in
two ways that are distinguishable in the spectrum. First,
reducing groove depth reduces the low-order harmonic
magnitudes in U(w) and lowers the overall force vari-
ance Var(F), which tends to reduce broadband radiation.
Second, reducing the effective pattern length reduces
the time over which steady periodic excitation persists,
which can lower time-integrated descriptors even when
instantaneous spectral peaks remain visible, because
the integral /OT(pW(t))zdt scales with both amplitude
and duration. These mechanisms are compatible with
field-oriented observations that geometries with reduced
depth and reduced overall pattern extent can yield mea-
surable decreases in external descriptors while retaining
an in-vehicle perceptual cue, since in-cabin response
is influenced not only by absolute acoustic power but
also by vibrational transmission paths and cabin filtering
that can preserve a relative increase even when exterior
radiation is moderated.

An implicit but useful constraint arises when in-vehicle
alerting is framed as a required increase relative to base-
line pavement noise rather than an absolute target. Let
Lcab.base be the in-cabin level on the approach pavement
without the strips and Lcap4s(6, V) the in-cabin level
while traversing the strip array. Define AL (6,V) =
Leabtrs — Leabpase- If @n alerting guideline is expressed
as ALcap € [Amin» Amax] With A, = 3 dBA and Apax =
15 dBA, then the feasible design space is the set of
8 for which P(Apin < ALcab(8, V) < Amax) is sufficiently
high under expected speed distributions. Empirically
grounded field work indicates that reducing depth and
overall pattern extent can still satisfy such a constraint
while decreasing external descriptors, implying that the
in-cabin transfer from contact excitation to cabin SPL can
remain adequately sensitive even when the exterior radi-
ation path is partially suppressed (Sallam et. al (2025)). In
a predictive modeling context, this motivates a bi-criteria
mapping in which the external metric is minimized sub-
ject to a probabilistic in-cabin constraint, rather than
assuming that any reduction in contact excitation neces-
sarily undermines alerting.

When reported changes are expressed as percentage
reductions in external descriptors across designs, a care-
ful interpretation is required because decibel quanti-
ties are logarithmic. If a descriptor is defined on a lin-
ear mean-square scale pgﬁ, a fractional reduction by r
implies pgﬁ’new =(1- r)pgﬁ:’old, and the corresponding
decibel change is AL = 10log;o(1 — r). For r = 0.03,
AL ~10l0g,,(0.97), and for r = 0.08, AL ~ 10l0g;,(0.92),
both yielding modest negative shifts in dB because the
log compresses linear changes. If instead the percentage
refers to the decibel value itself, Lpew = (1 = r)Lgq, then
the implied absolute dB change depends on the baseline
level, which can produce larger shifts for high baselines.
Because field summaries often communicate reductions
as percentages for readability, simulation-to-field align-
ment benefits from reporting both the absolute decibel
differences and the implied linear ratios, so that design
decisions are not inadvertently driven by ambiguous scal-
ing. In the present framework, simulated outputs can
be carried on a linear energy scale internally for aggre-
gation, uncertainty propagation, and averaging across
vehicles, and then mapped to decibels at the reporting
stage, which yields consistent treatment of mixtures and
avoids artifacts that can arise when averaging dB values
directly.

A standards-consistent calibration loop can be ex-
pressed as a statistical mapping from geometry and op-
erating conditions to external descriptors, with priors
informed by mechanistic expectations. Let yex denote a
time-integrated external descriptor and let y.,, denote
the in-vehicle increment. A joint predictive model can be
written as

Yext = fext (6, V, 8) + ext,

Yeab = fean(6,V, h) + ecap,

where g and h include nuisance parameters such as
ground impedance surrogates, tire stiffness surrogates,
and cabin transfer scalars, and where (gext, £cap) Capture
residual variability across vehicle passes. The functions
fext and f5p can be constructed to incorporate simulation-
derived features, for example harmonic amplitudes at
f, = nV /s, time-integrated band energies, and transient-
to-steady ratios. A neutral but practically useful impli-
cation of reported field patterns is that the sign of the
partial derivatives dyext/ddg and dyext/dL, is often pos-
itive over common design ranges, while dycap/dd, may
be positive but not so steep as to prevent meeting Api,
at reduced depths (Sallam et. al (2025)). Embedding
such monotonicity as soft constraints or as regulariza-
tion terms can stabilize regression when data are sparse,
without asserting universality across all pavements and
vehicle classes.

These relationships also suggest a pragmatic optimiza-
tion problem that reflects how mitigation is discussed in
practice, namely reducing external nuisance while main-
taining alerting. One formulation minimizes an expected
external level while enforcing the in-cabin constraint in
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probability:

rg]ig Elyext(6,V)] subjectto P(yan(6,V) > Ayin) 2 1-a,
€

with a small @ controlling risk tolerance. If the predic-
tive model is Gaussian with mean p,,(0) and standard
deviation o, (6) after integrating over speed, then the
constraint becomes pcap(0) — z1-40cap(0) = Apin, Where
Z1_q is a normal quantile. This expresses, in a mathemat-
ically explicit way, the intuitive position that a design
should not only meet the alerting threshold on average
but should do so reliably across expected variability. In
parallel, external mitigation can be pursued by penaliz-
ing spectral features associated with neighborhood com-
plaints, which often correlate with tonal prominence and
modulation depth [23]. A spectral penalty can be defined
as¥(0) = [ w(f) max{0, AL,(f;8)—7}?df, where AL,isa
tonal prominence measure and t is a tolerance. Minimiz-
ing E[yext] + y¥ with a weight y then encourages designs
that reduce both overall level and pronounced spectral
features without presupposing that one descriptor fully
captures subjective response.

The field-compatibility perspective shows that mitiga-
tion claims should be conditional on pavement type and
measurement geometry. Asphalt surfaces, through their
texture and compliance, can alter both baseline tire noise
and the incremental effect of transverse grooves. In the
predictive framework, this can be represented by includ-
ing pavement parameters that shift the baseline spec-
trum and the mechanical transfer function, so that the
same geometric change does not imply a uniform exter-
nal benefit across pavements. Even with this caveat, the
convergence of physics-based reasoning and reported
field tendencies supports a design hypothesis that is
straightforward to test in simulation and measurement:
reducing groove depth and reducing the effective length
of the transverse pattern can yield measurable decreases
in external, time-integrated descriptors while maintain-
ing an in-vehicle increment within a target range for a
substantial portion of operating conditions [24]. In a neu-
tral technical sense, this hypothesis provides a tractable
mitigation direction because it can be expressed directly
in terms of controllable geometric parameters and can
be evaluated using the same descriptor computation
pipeline used for standards-driven assessments, thereby
linking predictive modeling outputs to the practical con-
text in which complaints and design revisions are adjudi-
cated.

7. Parametric Analysis, Optimization, and Vali-
dation Under Uncertainty

Design decisions regarding transverse rumble strips of-
ten require balancing multiple objectives and constraints.
Safety considerations motivate sufficient vibration and
in-vehicle audible cues, while community considerations
motivate minimizing external noise at roadside receivers.
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A parametric analysis framework can quantify tradeoffs
by exploring how external metrics respond to geometric
and operational variables, while an optimization layer
can propose candidate geometries that meet constraints.
Because both simulation and statistical models are un-
certain, the optimization should account for uncertainty
to avoid selecting designs that appear favorable only
under optimistic assumptions.

Let x denote controllable design parameters, primarily
geometry, and let ¢ denote context parameters such as
speed distribution, fleet mix, and ground properties. Let
Y (x,c) be a random variable representing an external
noise metric due to variability in tires and conditions. A
robust objective can be defined as minimizing an upper
quantile, for example the g-quantile with g = 0.9, de-
noted Q,(x), subject to constraints on an alerting metric
A(X):

mxin Qq(X) subjectto A(X) > Ayin.

If A(x) is not directly modeled, a surrogate constraint can
be used based on predicted contact-force variation or
in-vehicle vibration proxies. The quantile objective can
be approximated from predictive distributions produced
by the statistical model, or from Monte Carlo sampling if
a fast emulator is available.

Sensitivity analysis helps identify which parameters
matter most and whether effects are monotonic or in-
volve interactions [25]. A local sensitivity of the mean
response u(X) = E[Y|x] can be quantified by gradients
Vxu. If the predictive model is differentiable, gradients
can be computed analytically; otherwise they can be es-
timated by finite differences:

2 N /J(X+AXjEj) —/,z(x—ijej)
dxj - 2AXj ’

Because decibel responses can be nonlinear in geom-
etry, gradient magnitudes can vary strongly across the
design space, so sensitivity maps rather than single num-
bers are more informative. Global sensitivity can be as-
sessed through variance-based measures. If inputs are
treated as random variables with a specified distribu-
tion, the total variance Var(Y) can be decomposed into
contributions from each input and from interactions. A
Sobol-style first-order index for variable x; is

_ Var (E[Y]x;])
7T T Var(y)

with total-effect indices capturing interactions. When
computed using an emulator, these indices can be ob-
tained efficiently and can guide whether optimization
should focus on a subset of parameters.

Optimization can be carried out using gradient-based
methods when the response is smooth, or derivative-free
methods when discontinuities arise, for example due to



contact-loss thresholds or resonance shifts. A typical
unconstrained formulation on a penalty basis is

mxin J(X) = u(X) + ko (X) + p max{0, Ayin — AX)}2,

where o(x) is predictive standard deviation, k controls
risk aversion, and p is a penalty weight. The term y + ko
corresponds to minimizing an upper confidence bound,
encouraging designs with both low mean and low uncer-
tainty. This is particularly relevant when the available
data sparsely cover the design space or when simulation
discrepancy is significant [26]. In a Bayesian-optimization
setting, J(X) can serve as an acquisition function, select-
ing new simulation points that improve the emulator
where it matters for design.

From a numerical perspective, an efficient optimiza-
tion workflow leverages multi-fidelity modeling. Lower-
fidelity simulations, such as simplified monopole or
dipole source approximations with analytical ground re-
flection, can screen broad design ranges, while higher-
fidelity FEM-BEM models refine promising candidates.
The statistical model can integrate both fidelities using
a co-kriging-like approach in which high-fidelity outputs
are modeled as a correction to low-fidelity predictions:

YH(X) = pyr(X) + A(X),

where A(x) is a Gaussian process capturing discrepancy
between fidelities. This approach can reduce total high-
fidelity runs needed to achieve a target prediction accu-
racy. It also provides a structured way to combine mech-
anistic understanding at low cost with detailed acoustic
scattering effects at higher cost.

Validation is central to establishing whether predic-
tions are usable within expected tolerances. Validation
should be framed as comparing predicted distributions
to measured distributions rather than expecting perfect
agreement at every frequency and position. For a set of
measurement conditions indexed by /, with measured
levels y** and predicted means y; and predictive vari-
ances a,?, one can compute standardized residuals

meas _ o

Y Yi

Oj

ri =

and check whether the distribution of {r;} is approxi-
mately centered and has variance near 1. If residuals
show systematic bias with speed, receiver height, or ge-
ometry, this indicates missing physics or mis-specified
covariate dependence. Because rumble-strip noise can
be sensitive to lateral position, validation should include
controlled lateral offsets, or at least account for typical
wander distributions. If measurements include multi-
ple passes, within-condition variability can be compared
with predicted variability to assess whether stochastic
source components are appropriately represented.
Spectral validation is more diagnostic than overall-
level validation because it reveals whether the model

captures harmonic placement and bandwidth [27]. If
L}'¢% and L, are measured and predicted band levels,
one can compute a bandwise error vector and examine
whether errors cluster around harmonic bands. System-
atic underprediction at harmonics could indicate insuffi-
cient representation of edge sharpness or contact-force
impulsiveness, while overprediction at high frequencies
could indicate overly rigid ground assumptions or insuf-
ficient atmospheric attenuation. Because the decibel
scale compresses large energy differences, it can also
be useful to validate on linear mean-square pressure in
selected bands to ensure that energetic contributions
are not being obscured.

Uncertainty quantification should include parametric
uncertainty and model-form uncertainty. Parametric un-
certainty arises from unknown values of tire stiffness,
damping, and ground impedance, which can be repre-
sented as probability distributions. Model-form uncer-
tainty arises from simplifying assumptions such as linear
contact, reduced-order source radiation, or locally re-
acting ground. A practical way to represent model-form
uncertainty is to include a discrepancy term with a cor-
relation structure across frequencies and operating con-
ditions. For example, for band levels y,, one can model
discrepancy as a multivariate normal with covariance

Cov(8p, 6p) = 02 €XP —“ngbew ,
.

which encodes that discrepancies are smoother across
log-frequency than across linear frequency. Incorporat-
ing this term prevents overconfidence in spectral details
that are sensitive to modeling approximations. In opti-
mization, including discrepancy tends to favor designs
whose predicted advantage is robust across plausible
discrepancy realizations [28].

A recurring design question is how geometric changes
influence not only overall level but also the spectral dis-
tribution. Increasing groove depth, for example, may
increase low-frequency force variation and thus excite
structural and cavity modes, while sharpening edges may
increase high-frequency content through impulsive con-
tact. Spacing changes primarily shift harmonic locations
through fy = V' /s, potentially moving energy into bands
where ground interference is constructive or where A-
weighting is higher. Parametric analysis can isolate these
mechanisms by holding certain combinations constant,
such as maintaining the same encounter rate while vary-
ing depth, or maintaining the same depth while shifting
spacing. Such analyses can be formalized by exploring
manifolds in parameter space defined by constraints,
for instance V/s = const, and evaluating predicted out-
comes along those manifolds.

While this framework focuses on airborne exterior
noise, it is technically consistent to compute related
quantities such as radiated sound power under con-
trolled boundary conditions. If an enclosing surface S
surrounds the source region and the acoustic intensity

17



is approximated as I, ~ Re{pv;} under harmonic con-
ditions, then radiated power is

W=/I,,d$,
S

and sound power level is

w

Ly =10log;, (Wref) .
Sound power is less dependent on receiver placement
than SPL and can therefore provide a more source-centric
metric for comparing geometries. However, environmen-
tal impact depends on propagation, so both perspectives
are useful. When integrating sound power into predictive
models, care is needed because the mapping from power
to receiver SPL depends on directivity and ground effects,
which may vary with frequency and vehicle configuration.

8. Conclusion

This paper presented an integrated methodology for pre-
dicting external acoustic emissions generated by vehicles
traversing transverse rumble strips, combining mecha-
nistic source characterization, numerical acoustic sim-
ulation, and statistical learning [29]. The development
framed the rumble-strip geometry as a parametric sur-
face profile that induces a speed-dependent excitation
signal at the tire-pavement contact. Reduced-order dy-
namical representations were used to translate profile-
induced displacement into contact forces and into equiv-
alent radiating boundary conditions, enabling coupling to
linear acoustic propagation models. Frequency-domain
formulations based on the Helmholtz equation and time-
domain wave formulations were described as comple-
mentary tools, with FEM, BEM, and coupled FEM-BEM
approaches providing pathways to capture near-field
complexity and far-field radiation in an unbounded envi-
ronment. Resolution constraints, radiation treatments,
and ground-impedance effects were emphasized because
they strongly influence predicted spectral structure and
receiver levels.

Signal-processing components were articulated to
convert simulated pressure time histories into decibel-
based metrics and spectral descriptors, including band
levels, weighted levels, and time-frequency representa-
tions that reflect the quasi-periodic and transient com-
ponents of rumble-strip noise. Propagation modeling
considerations such as ground interference and atmo-
spheric absorption were incorporated as mechanisms
that reshape emitted spectra at roadside receivers, often
producing frequency-selective amplification that inter-
acts with strip spacing and vehicle speed. The statistical
modeling layer was formulated to map geometric and op-
erational variables to predicted noise metrics while quan-
tifying uncertainty, supporting hypothesis tests for pa-
rameter effects, and enabling multi-output spectral pre-
diction. Emulation, calibration, and cross-validated eval-
uation were described as practical elements for building
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predictors that remain useful when direct high-fidelity
simulation at every design point is infeasible.

Finally, the framework was extended to parametric
analysis and optimization under uncertainty, highlight-
ing how robust objectives and uncertainty-aware con-
straints can guide design modifications that reduce exter-
nal noise without presuming that a single deterministic
prediction is sufficient. The overall result is a techni-
cal workflow that can support comparative assessment
of rumble-strip geometries, exploration of tradeoffs be-
tween spectral characteristics and overall levels, and
structured incorporation of limited field data for calibra-
tion and validation. The approach does not eliminate
the need for measurements, but it provides a system-
atic way to generalize beyond measured configurations
and to make design decisions with explicit recognition
of variability and model limitations [30].
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