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ABSTRACT: When analyzing the impact of vehicle braking on a bridge, it becomes evident
that the bridge’s deflection increases significantly compared to when a vehicle is in constant
motion. The magnitude of this deflection is influenced by the Vehicle-Bridge Interaction
(VBI) phenomena, which is significantly activated by road roughness. This road roughness
instigates specific dynamics in the vehicle, accentuating the VBI. Our study introduces
a probabilistic model to quantify this amplification factor due to a vehicle’s hard braking at
the bridge’s mid-span across various road roughness categories. The amplification factor is
defined as the ratio between maximum deflections during vehicle braking and those when the
vehicle is at a consistent speed. It’s estimated considering parameters like the vehicle’s mass,
velocity, natural frequency, and damping. For our VBI model, we utilized the finite difference
method to discretize the coupled governing equations. Here, the vehicle is represented as
a two-degree-of-freedom system, accounting for both its bouncing and pitching motions. The
model’s computational efficiency facilitated extensive analyses where parameters were chosen
via the Latin Hypercube sampling method. Ultimately, we validated our model outputs
against real-world bridge displacement measurements under varied conditions.

1 INTRODUCTION

The displacement impact factor IF is commonly considered in order to quantify the effects of
braking on bridge dynamics under traffic loads. It is defined as follows:

Wh. braki
IF = raking 7 (1)
Wh,constant

where Wy praking and Wi, consians are the maximum bridge deflection under braking conditions
and the value corresponding to a vehicle that moves at a constant speed, respectively.

The thorough examination of vehicle-bridge dynamic interactions necessitates considering
a multitude of factors. However, many research works employ analogous, oversimplified
models. This trend, coupled with the paucity of studies comparing these various modeling
techniques, hinders understanding the significance of all elements and parameters related to
braking in estimating its impact on bridge dynamics. It’s pivotal not only to assess alternative
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modeling methodologies based on their intricacy, precision, and computational implications
but also to gauge their utility in real-world applications, including sensitivity and reliability
assessments. Consequently, this research delves into two distinct modeling strategies to
explore the dynamics of vehicle-bridge interactions during braking scenarios. The initial cat-
egory encompasses models rooted in foundational physics principles. Notably, six such
models, distinguished by varying degrees of complexity and precision, are incorporated into
this study. A detailed outline of these models, along with their inherent assumptions, is pre-
sented in Table 1.

Table 1. Considered physics-based models of the vehicle-bridge interaction in braking conditions.

Model assumptions

Model label  IF label Roughness Vehicle model Inertial effects ~ Braking friction
1dof-hb-st IF 1 st Stationary 1 degree-of-freedom No No
1dof-hb-st IF | b Stationary 1 degree-of-freedom No Yes
1dof-sb-nst IF | p1nse  Nonstationary 1 degree-of-freedom No Yes
2dof-hb-st IF 2 pp .t Stationary 2 degrees-of-freedom  Yes No
2dof-sb-st IF 5 p1.5 Stationary 2 degrees-of-freedom  Yes Yes
2dof-sb-nst IF 5 4inse  Nonstationary 2 degrees-of-freedom  Yes Yes

Physics-based models, governed by differential equations, can be computationally intensive
when executed repeatedly. Metamodels present an effective solution for such computational
demands. The objective is to craft an efficient, data-driven model of vehicle-bridge dynamics
during braking to swiftly estimate outcomes, such as the bridge’s IF response, based on key
parameters. Crafting these metamodels demands both the identification of an apt function and its
numeric coefficients. Machine learning has emerged as a potent tool for this purpose across vari-
ous domains. This research delves into the potential of two primary supervised learning methods:

1. Neural Networks: They are utilized due to their renowned capability as comprehensive
function approximators for vehicle-bridge dynamics.

2. Genetic Programming: This evolutionary computing technique searches for an optimal
symbolic model function that closely mirrors the intended outcome.

2 METHODS

2.1 Road roughness model

The randomness of the road surface roughness can be represented by means of a periodic
modulated random process. Within the ISO 8608 specifications (ISO/TC, 1995), the road sur-
face roughness depends on the vehicle Fspeed through a formulation that relates the velocity
power spectral density (PSD) and the displacement PSD. The general expression for the dis-
placement PSD of the road surface roughness S, is the following:

San) = it (2 2

0

where n is the spatial frequency (cycles/m), no = 0.1 cycles/m is the reference value of the spatial
frequency, and « is a suitable exponent. Equation 2 gives an estimate of the actual road rough-
ness level S(n) as function of the corresponding reference value Sn,). Note that the classifica-
tion of the road roughness according to the ISO 8608 specifications is based on a constant
vehicle velocity PSD by taking @ = 2. The road roughness r can be generated as function of the
spatial coordinate x through the following equation:
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0
r(x) = Z dy, cos(n,x + ), (3)
p=1

where 7, is the pth spatial frequency and ¢, is the pth random phase angle, being O the total

number of harmonics assumed to generate the road roughness profile. Moreover, d,, is the pth
amplitude, which is computed as follows:

dy = \/2S4(n)An, (4)

where An denotes the sampling interval of the spatial frequency. The nonstationary road
roughess has been defined based on the paper by (Yin, Fang, Cai, & Deng, 2010).

2.2 Vehicle-bridge interaction model

Translation and rotational dynamic equilibrium equations of the vehicle mass can be written
as follows:

#(x, . .. w .. g .
m, |:ﬂ*v n (}’(X ) + V()Cf)) + (Wb(x ) + wy (Xf )>:| 4 zcvwv + ZkVWV _ 07 (5)

2 2

. . ) — . .. r,l — '7t BZ . BZ
I, |:0V+ (V(X) Br(xf)) + (Wb(x ) BWb(x/ )):| +mvhjév+7c\ﬂ9v Jr?kvev — 0’ (6)

where m,, I,, ¢,,k, are mass, inertia, damping coefficient and sprung stiffness of the vehicle,
respectively. Moreover, 4 is the height of the vehicle centre of mass distance from the road
surface and B is the distance between the contact points of the two wheels. The absolute verti-
cal displacement of the vehicle mass is given by three terms, namely w, (i.e., relative displace-
ment between the road surface and the center of gravity of the vehicle mass), » (i.e., road
roughness, that is the distance between the road surface and the averaged road surface), and
wy, (i.e., deflection measured from the line axis of the bridge). Similarly, the absolute rotation
of the vehicle is given by three contributions, namely 6, (i.e., relative rotation between the
vehicle and road surface), r, and w;,. The coupling between the bridge and the vehicle is due to
the inertial terms in Eq. 5 and Eq. 6, whereas damping and elastic term are only affected by
the relative displacement between the vehicle and the road surface. The contact force of the
rear wheel f,. , can be derived from the equilibrium equation:

. B B
mw[‘i;(x,‘) + wb(xrv t)] +f6,r — G (Wv +0, 5) —k, <Wv +0, E) =0, (7)

where m,, is the mass of the wheel. So doing, it is obtained:

Ser = —my[F(x,) + Wp(x,, 0)] + ¢y (WV +0, lg) +k, (wv + 0, g) (8)

Similarly, the contact force for the front wheel /., fis:

Jey =—my ['f(xf) + (xf7 t)} + ¢ (Wv -6, g) +k, <wv -0, g) . 9)

The contact force due to the vehicle oscillation does not include the weight of the sprung-
mass system m,g + m,g. Horizontal friction forces arise between the tyres and the bridge
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surface during braking. If the width of the contact area between the tyre and the bridge is 7,
then the bending moment induced by the friction forces is:

vJs . T . T
m(x) = :“mTy {H (x,. — Xyt — E) - H(x,. — Xt +§)] +

unyys . T . T\|_

LHYs e, By ey B
=3 [H(xv Xyt 2) H(xv x\,t—l—z)],

where y; is the distance between the beam center of mass and the road surface while H is the
Heaviside step function. Equation 10 approximates the two distributed bending moments
induced by friction forces corresponding to the two tyres with a single distributed bending
moment that extends over the wheelbase.

The partial derivative of the approximated expression for the distributed bending moment
can be written as:

am(x)_#mVJ/s . B . B _
o B oy xv—xvt—2 — 0y xv—xvt+2 =

. B . B
:F[(S,(xv—xvl—5> — 0y (xv —xvl—é—E)],

where J, and J, are the Dirac delta corresponding to the rear and front wheels, respectively.

The bridge is modeled as linear elastic Euler—Bernoulli beam with constant mass per unit
length pA4 (where p is the specific mass and A is the cross-section area of the beam) and con-
stant bending stiffness EJ (where E is the elastic modulus and J the cross-section inertia of the
beam). The continuous vertical displacement wy(x, ) of the bridge is governed by the follow-
ing partial differential equation (Fryba, 2013):

(11)

.. . 1
pAVp(x, 1) + EJWy xxxx (X, 1) = 6, (X — Xy1) <fcr +m,g + Emvg) +

1 x) (12)
. X
87 (xp — 1) (fc,f + mwg+§mvg> o

The following boundary conditions apply on the left and on the right for a pinned-pinned
beam:

wp(0,1) =0, wp(0,1) =0, (13)
wp(L, 1) =0, wpx(L, 1) =0, (14)

respectively.

2.3 Machine-learning

This study employs a layered feed-forward neural network. Optimizing the design of the
neural network is vital for enhancing its precision and forecasting abilities for fresh data.
While various methods exist for network layout optimization (Quaranta, Lacarbonara, &
Masri, 2020), this research adopts a method rooted in genetic algorithms (Azimi, Khoshrou,
& Osanloo, 2019). These algorithms use a computational model that symbolically integrates
variables, constants, and operators. Beginning with an arbitrary set of potential solutions, the
model undergoes modifications via genetic processes until specific criteria are met. To address
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the issue of bloat in genetic programming, our approach views model precision and intricacy
as competing factors, aligning with the insights of Ekart & Nemeth, 2001.

3 RESULTS

The study focuses on a pre-stressed concrete girder bridge with simple support, part of Italy’s
highway system (Aloisio, Pasca, Alaggio, & Fragiacomo, 2020). The section is trapezoidal,
2.3 m tall, and features two cantilevered extensions each 3.85 m in width, strengthened with
bonded post-tensioned cables. Every bridge section rests on a pair of pillars spaced roughly
40 m apart. Montecarlo analyses indicate that braking effects largely hinge on road conditions
and vehicle’s starting speed (Aloisio, Contento, Alaggio, & Quaranta, 2023). Figure 1 illus-
trates the IF against starting speed, drawing from experimental findings and both physics-
based and surrogate models.
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<] Surrogate model (genetic programming)
Experimental tests

1.4 : . .

1.3}

1.2+

T

0.9 J

0 8 L | 1 1 1
40 50 60 70 30 90 100

Ty [km/h]

Figure 1. Variation of the IF as a function of the vehicle velocity: confidence bounds estimated using the
physics-based model, nominal values carried out through surrogate modelling, and experimental data.

The symbolic form of the final surrogate models for IF and wy, pqrime Obtained via genetic
programming is the following:

IF = 0;p + ijyfvﬁphz + 611:335(%0 + 61F4Bf;7‘p/’l+

1 > 5 (15)
m— (91p5xv0ﬁ,7ph + 191F(,va,p/’l + 017 B /’l),
. Oyl + 0,5, 5m
Wb braking = awl,l + ew;,ZB + 6w;,3xv0 + % +
v
’ (16)

ewbﬁfv,p + 0\17,7;1 + 6w,,8mv
B0

(in[m)),
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respectively. The involved sets of coefficients, @ and ©,,,, are listed in Tab 2.

Table 2. Coefficients of the genetic
programming-derived surrogate models for IF and
Whraking i Eq. 15 and Eq. 16, respectively.

IF (®IF) Whraking (ewh)
G171 = 1.009 0,1 = 2.8268E — 04
012 = 0.0024 0,2 = 9.9309E — 06
013 = — 1.6712E — 07 0,3 = —2.4731E — 06
Orrs = — 0.0013 Oy,4 = —4.9481E — 07
0155 = 2.0845E — 05 0,5 = —7.2693E — 06
Orre = — 0.0042 Ow,6 = —8.9722E — 05
017 = — 6.7429E — 04 0,7 = —6.7173E — 05
Ouys = —2.1517E — 04
O,0 = 0.0833

These surrogate models for IF and w jraking involve the same parameters except for f, 5,
which is missing within the symbolic expression for IF. The results demonstrate that genetic
programming is also able to produce good surrogate models. Considering the compact form
of the final symbolic expressions, the accuracy of the genetic programming is still deemed sat-
isfactory. However, the surrogate model for the IF carried out via genetic programming is
slightly less accurate than those produced via artificial neural networks, being R*> between
80% and 85%. The surrogate models for wj, pqking Obtained by means of genetic programming
and artificial neural networks display almost the same accuracy level, being R* around 99%
for both machine learning techniques.

4 CONCLUSIONS

This paper’s primary conclusions include:

* The most intense dynamic load arises from hard braking, which typically produces Impact
Factor (IF) values at or above one. To get the most conservative bridge response estimates
during this condition, a precise two degree-of-freedom vehicle model is crucial.

* For hard braking, a two degrees-of-freedom model results in higher IF values. However,
for softer braking, a single degree-of-freedom model often provides more conservative
bridge movement estimations.

* Soft braking effects on bridge behavior vary based on the road’s surface quality model.
Using a nonstationary model generally results in higher IFs than a stationary one. This
relationship shifts with increased surface irregularity. For intense braking, greater road
roughness leads to decreased average IFs.

» IF value variability mainly arises from braking types and the vehicle model. Soft braking
with a two degrees-of-freedom model shows notable IF dispersion. IF variability also has
some dependence on surface quality during hard braking, with smoother roads causing
greater IF dispersion.
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