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Abstract. This work addresses the concept of virtual sensing (response reconstruction) in
bridges using information from sensors installed on specially-designed vehicles with known dy-
namic properties when crossing a bridge. The vehicle and bridge dynamics are coupled through
the contact forces at the interface between the two subsystems. The estimation of contact forces
employs only the vehicle subsystem (vehicle model and information from sensors installed on
the vehicle) and relies on an Augmented Kalman Filter (AKF) technique. Interestingly, the
estimated contact forces depend on the characteristics of the rail/road profile irregularities.
This work presents a proof of concept using simplified two-degree-of-freedom vehicle models.
The bridge model adopted is a simply supported Euler-Bernoulli beam. This simplified analy-
sis provides valuable insight into the effect of different parameters on the accuracy of contact
force. The demonstration and proof-of-concept are performed using simulated data from a
vehicle-bridge interaction model, considering measurement error and accounting for the effect
of irregularities.
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1 INTRODUCTION

Traditional monitoring and identification techniques of bridges rely on sensors installed on
the target bridge [1]. An alternative approach to extract information about the structural health
of bridges is from on-board sensors mounted on vehicles [2], named vehicle scanning of bridges
[3] or indirect bridge identification [4, 5, 6]. Vehicle scanning could potentially provide a rapid
and scalable diagnostic approach, without the time-consuming and labour-intensive installation
and maintenance of fixed sensor systems.

Vehicle scanning has been proposed to extract a variety of information about bridges. To
identify bridge frequencies, Yang and his coworkers investigated the use of the Fourier spec-
trum to vehicle acceleration [2, 7], contact point response [8, 9], and residual contact point
response [10, 11]. They concluded that the contact point response is effective for extracting
higher bridge frequencies as it contains no vehicle frequencies. Very recently, Erduran et al.
[12] attempted to identify the frequencies of a railway bridge from the acceleration record on
the bogies by performing a continuous wavelet transform. Jin et al. [13, 14] proposed a differ-
ent method to estimate bridge frequencies from on-board sensors, utilizing Stochastic Subspace
Identification and processing the vehicle response from two passes in order to eliminate the
blurring effect from road roughness. Beyond modal frequencies, Malekjafarian and OBrien fo-
cused on estimating mode shapes of bridges from vehicle acceleration measurements by means
of a Short Time Frequency Domain Decomposition [15] and Hilbert Huang Transform [16].
Zhou et al. [17] proposed and experimentally tested a two-peak spectrum idealized filter tech-
nique for extracting both modal frequencies and mode shapes. Utilizing convex optimization
techniques, Eshkevari et al. [18, 19] attempted to identify modal information, including modal
frequencies, modal damping ratio, and mode shapes using mobile sensor networks.

In addition to modal information, various indirect identification techniques, including neural
network algorithms [20, 21] and different Kalman filters, have been explored to estimate also
the road [22, 23, 24, 25] or rail [26] roughness profiles. Zeng et al. [22] proposed a Kalman
Filter-based method to calculate the road roughness from a car’s tire pressure. Xiao et al.[26]
employed a recursive Bayesian Kalman filtering (RBKF) algorithm for estimating the track
irregularities and bridge natural frequencies from the vehicle response measurement. Zhao et
al. [23, 24] and He and Yang [25] attempted to estimate road roughness from vehicle response
measurements with the aid of different variants of Kalman Filters.

Overall, there is growing evidence that vehicle scanning can provide efficient estimation of
bridge information and road roughness, which are useful indicators to determine the health sta-
tus of a bridge structure. To monitor stresses and evaluate fatigue though, it is necessary to
reconstruct the bridge response. To this end, the unknown contact force estimation could be es-
sential, which involves solving an unknown input identification problem [27, 28, 29]. Through
the use of an Extended Kalman Filter (EKF), Chen et al. [30] estimated the contact force re-
sulting from vehicle-bridge interaction from tire pressure measurements. Wang et al. [31] used
an Augmented Kalman Filter (AKF) to estimate the tire force using the measurement of road
vehicle responses. These models [30, 31] assumed a viscoelastic contact for the vehicle, which
is mainly applicable to road vehicles.

This research examines the use of AKF to estimate the contact force of vehicles with rigid
wheels, assuming a rigid contact between the vehicles and the bridge. Numerical case studies
are examined using artificial data obtained from the finite element model of a vehicle-bridge
system to demonstrate the effectiveness and performance of the approach in contact force esti-
mation and bridge response reconstruction.
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2 VEHICLE BRIDGE SYSTEM MODELLING

Consider a vehicle moving along the bridge at a constant speed v. We can model the vehicle
as a multi-degree-of-freedom (MDOF) multi-body system, and the bridge as an MDOF Euler—
Bernoulli beam (Figure 1). Thdajme-varying contact force vector Xt) bet
the rails is coupling the dynamics of the two sub-systems.

A‘ bridge My, Cp, K 5 A bridge My, Cy, K
™ Lb | ™ Lb

Figure 1: 2-DOF vehicle model on a bridge.

The equation of motion (EOM) of the vehicle sub-system can take the form:

M, (t) 4 Coti, (£) + Ko, (t) — WoA(E) = f (D

where, w, (t) is the displacement vector of the vehicle and M, C,, and K, are, respectively,
the mass, damping, and stiffness matrices of the vehicle (subscript (), denotes the vehicle sub-
system). W, is a contact direction matrix of the vehicle, which maps the contact forces to the
contact degrees of freedom (DOFs) of the wheels [32, 33].

Similar to the vehicle subsystem, the EOM of the bridge about its (statically) deformed
configuration under its self-weight is:

My, (t) + Cyty (8) + Koy (8) + WiA(E) = f, 2)

with u,(t) being the displacement vector of the bridge and M,, C}, and K}, being the mass,
damping, and stiffness matrices of the bridge (subscript (), denotes the bridge subsystem). W},
is a contact direction matrix of the bridge mapping the contact force to the bridge’s DOFs
[32, 33].

Combining Egs. (1) and (2), the EOM of the coupled vehicle-bridge system becomes:

Mii(t) + Cu(t) + Ku(t) + WA(t) = f (3)

where, u! = [u, u,] is the displacement vector of the whole system and M, C, and K are,

respectively, the mass, damping, and stiffness matrices of the whole system:

M, 0 e, o [K, 0
T N T

T. .. .
and W, = [—WvT WbT] is the contact direction matrix of the coupled system.

In this study, we assume continuous (i.e., there is no detachment) rigid contact between
the wheel and the bridge. This implies a zero relative displacement g N(m, t) = 0, velocity
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Figure 2: Sample profiles of (a) “very good” quality (b) “good” quality irregularities according
to the German spectra for high-speed railway [36].

The explicit expression for the contact force, based on the assumption of rigid contact is:

A= =G WM (f = Cult) — Ku(t)) + 20W. a(t) + v* W, u(t) —v?rg] - (6)

C

where G~! is the contact (coupling) mass between the bridge and the vehicle’s wheels. The
inverse of the coupling mass is written as:

G=WM"W.. (7)
Lastly, in this study, we employ the Newmark-/3 method to solve the coupled equation.

3 MODAL FORMULATION OF VEHICLE MODEL

To proceed with the Augmented Kalman filtering (AKF) technique for contact force estima-
tion, we employ mode superposition to describe the dynamics of the vehicle. The vehicle model
contains at least one zero-frequency mode (i.e., rigid body mode), which is separated from the
flexible (deformation) modes. To this end, we partition the mass-normalized mode shape matrix
to d = [@Tigid, d flem]’ where ®,,4;4 contains the mode shape(s) of all mg zero-frequency rigid
body modes and ® ., contains the mode shape(s) of all m flexible modes (my = m — my)
Thus, the relationship between physical and modal coordinates becomes:

u, (1) = uy + uy(t) = u, + PE(1) (8)

28



Filippos Filippitzis, Ho Man Siu, Charikleia Stoura, Costas Papadimitriou, Elias G. Dimitrakopoulos

with u, being the deformed (static) shape of the vehicle due to its self-weight and u, = PE(t)
contributing the time-varying nature of the contact forces A. Next, the modal displacement
vector can be partitioned to § = [é:igi ” gzm]T’ where §m_gi , and € fHea contain the modal dis-
placement of the rigid body mode(s) and the flexible modes respectively. Substituting Eq. (8)
into Eq. (1) and pre-multipling both side by ®T yields the EOM of the vehicle in modal coordi-

nates:

§r’£gid = Dy W A(t) )
éfle:c + Zflengle;t + Aﬂewéﬂem - (I)};levaA(t) (10)

where Zflex = qD};lesz(I)flex and Aflea: = q)}levaq)flew'

4 CONTACT FORCE ESTIMATION USING MEASUREMENTS ON VEHICLE
4.1 State-space model of the vehicle in modal coordinates

In time state-space form Equation (10) becomes:

i(t) = Acx(t) + B:A(t) (1)
with z(t) = [glw, §;Z€I}T being the state vector, and A. and B, being the system matrix and
input matrix of the vehicle:

0 I 0

A, = B, = 12
|:_Afle:c _Zflez:| [éflexwvl ( )

Under the assumption of zero-order hold (ZOH), the discrete-time system with a sampling
rate 1/At is:
Ty = Agzy, + Bady +wy, (13)

with state vector z, = x(kAt), contact force \, = MkAt), Ay = e*?* and By = (Ag —
I )Angc for non-singular A.. Assume the process noise w, follows a zero-mean Gaussian
distribution w, ~ N(0, Q,) with process noise covariance @, € R*™s*2ms,

The corresponding observation equation for Ny measurement quantities is:

where the measurement error term v,, is a white noise, i.e. v, ~ N (0, ), ), with measurement
error covariance (), € RNoxNo,

4.2 AKF for unknown contact force estimation
To model the unknown contact force A\, = A(kAt) acting on the wheels of the vehicle, we
employ a random walk model to allow changes in contact force at different time steps:

where ), ~ N (0, @)) is a zero-mean Gaussian prediction error with covariance matrix @), €
R™ "™ By introducing the augmented state vector z¢ = [x1, A}]" (consider the contact force

29



Filippos Filippitzis, Ho Man Siu, Charikleia Stoura, Costas Papadimitriou, Elias G. Dimitrakopoulos

as a part of the state variables of the system), the augmented state-space model and observation
equations are formulated as follows:

Ty = A2y + ¢, (16)
Y, =G"zh t o

where the augmented system matrix A% € R(Zms+m)x(2ms+n2) and observation matrix G¢ €
RNox(@ms+n1) gre:

a A B a
A:{gldl, G =[G J] (17)

while the augmented process noise covariance matrix Q, € R(™s+m)x(ms+m) of the zero-mean
Gaussian white noise sequence ¢, ~ N(0,Q,) is:

_[Q. 0
Qu = {0 QJ (18)

Through the standard Kalman Filter approach, we can estimate the augmented state vector,
which provides the augmented state estimation iilk and the error covariance matrix Py, €

R(Zms+na)x(2ms+n1) obtained using the following time update step:

S _ asa
Ty = A Lp—1|k—1

a a\T (19)
Pijk—1 = A"Py_1i—1(A”)" + Qa

and measurement update step:

Kj, = Py (G) (G Pyp-1 (G + Q)™
i = L1 + Ky, — G Tpe—n) (20)
Py = Prjr—1 — KpG* Pyjr—1

S NUMERICAL EXAMPLES

To evaluate the performance of the proposed Augmented Kalman Filter (AKF), we employ
artificial data from (railway) bridge-vehicle interaction simulations. In the following examples,
the vehicle enters the bridge at ¢ = 1s and moves along a 30 m long simply supported bridge
modeled with Euler-Bernoulli beams. Table 1 shows the mechanical properties of the bridge
[35].

Table 1: Mechanical properties of the simply supported bridge.

L, (m) mass per unit length u (t/m) flexural rigidity EI (GNm?) damping ratio ¢,
30 41.74 221.48 2%
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Table 2: Mechanical properties of the 2-DOF vehicle.

me () my, (kg)  k, (MN/m) ¢, (Ns/m)
5.75 1 1.595 126.3

5.1 2 DOFs vehicle with small wheel mass on a smooth rail

To verify the method, this section studies a simplified 2 DOFs vehicle with a small wheel
mass moving on the bridge with constant speed v = 100km/h. The rail profile is smooth by
assumption (i.e., there is no irregularity). Table 2 shows the mechanical properties of the 2-DOF
vehicle.

The covariance of the state error is Q, = 101, where I is an identity matrix. The diagonal
elements of the covariance matrix @, of the measurement error are 10~ times the mean square
value of the measured response time history, which corresponds to 1% of the root mean square
of the measured response time history. The choice of the covariance of the matrix (), for the
random walk model is based on an L-curve analysis [27].

(a) : : : (b) . — 'Real"
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Z 56.44 | Z 56.44 |
< <
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Figure 3: Comparison between the “real” and estimated contact force using the car body ac-
celeration and suspension strain measurement (a) without measurement noise and (b) with 5%
measurement noise (v = 100km/h).

Figure 3 compares the “real” contact force with the contact force estimated using the car
body acceleration and suspension strain measurement with (Figure 3b) and without (Figure 3a)
5% measurement noise. Note that throughout this study “real” indicates the response from the
vehicle-bridge simulation. Figure 3a shows that the estimated contact force is identical to the
“real” contact force when there is no measurement noise. When there is a 5% measurement
noise in the measurement, AKF can still provide a reliable estimation of the contact force.

Figure 4 compares again the “real” and estimated contact forces, but unlike Figure 3, it only
uses the car body acceleration with (Figure 4b) and without (Figure 4a) 5% measurement noise.
Even in the absence of strain measurement, the estimated contact force matches the “real”
contact force when there is no measurement noise. With the introduction of a 5% measurement
noise on the measurement, AKF can still provide a reliable estimation of the contact force.

To demonstrate the capability of AKF to reconstruct the contact forces for higher vehicle
speeds (i.e., a speed that is closer to the actual operating speed of contemporary trains), we
increase the vehicle speed to v = 250km/h. Figure 5 compares the “real” and estimated contact

31



r body

(a) T T T (b) T "Real"
5646L | 5646{ | |- - -Estimate

0, 250km/h

—— "Real"
— — — Estimate

9]
-

W

o

(o]
T

(9]

o

[@)
T

Force (kN)
(9,
o
N

W

o

o
T

(9]
(@)}
T

0 0.5 1 1.5 2 2.5 3
Time (s)

Figure 5: Comparison between the “real” and estimated contact force using only the car body
acceleration measurement with 5% measurement noise (v = 250km/h).

forces using acceleration measurements from the car body with 5% measurement noise. The
estimated contact force is close to the actual contact force acting on the vehicle, indicating that
the vehicle speed has no effect on the performance of the AKF in contact force estimation, at
least for the cases examined.

5.2 2-DOF vehicle with small wheel mass on a rail with irregularity

This section focuses on the same 2-DOF vehicle with a small wheel mass moving on the
bridge at constant speed v = 250km/h. A “good quality” rail irregularity is present on the
bridge only (i.e., there is no irregularity outside the bridge). This enables the evaluation of the
performance of AKF in contact force estimation under different rail irregularity profiles. The
covariance of the state error (), the covariance of the measurement error (), and the selection
criteria of the covariance for the random walk model (), remain the same as in the previous
section.

Figure 6 compares the “real” and the estimated contact force using the car body acceleration
measurement with the presence of 5% measurement noise. The method precisely captures the
change in contact force due to the change in rail profile at ¢ = 1s. Also, the method can capture
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Figure 6: Comparison between the “real” and estimated contact force using only the car body
acceleration measurement with 5% measurement noise (v = 250km/h) (“good quality” rail
irregularity on the bridge).

the contact force fluctuation around the vehicles self-weight after the bridge with excellent
accuracy. This demonstrates the effectiveness of the AKF in estimating the contact force of the
vehicle under different rail profiles at high speed using solely vehicle measurement.

5.3 2-DOF vehicle with regular wheel mass on a rail with irregularity

To evaluate the effectiveness of the proposed method on a more realistic vehicle, we adjust
the ratio of the wheel mass to the car body mass to match that of an actual vehicle. Table 3
shows the mechanical parameters of the vehicle. The vehicle moves on the bridge at constant
speed v = 250km/h, and a “good quality” rail irregularity is present on the bridge only. The
procedure of setting the covariance of the state error ()., the covariance of the measurement
error (), and the covariance for the random walk model (), are the same as in Section 5.2.

Table 3: Mechanical properties of the 2-DOF vehicle with regular wheel mass.

Me (1) 1y () ky (MN/m) ¢, (KNs/m)
575 1 1.595 40

Figure 7 compares the “real” and the estimated contact force using the strain measurement
at the suspension and acceleration measurement at the car body and wheel. Figure 7a shows
that the AKF provides an accurate estimation of the contact force when there is no measure-
ment noise. Even with the introduction of 5% measurement noise (Figure 7b), the AKF still
provides a reliable estimation of the contact force. This demonstrates the effectiveness of the
AKEF in estimating the contact force of the vehicle in the presence of more realistic irregularity
conditions.

5.4 Bridge Response Reconstruction

This section focuses on the reconstruction of the bridge response using the estimated contact
force under the scenario of Section 5.3 (a 2-DOF vehicle moving at a constant speed v =
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Figure 8: Comparison between the “real” and reconstructed (a) displacement response history,
(b) acceleration response history at the midspan of the bridge, and (c) envelope of the deflection
of the bridge (v = 250km/h) (“good quality” rail irregularity on the bridge).

Figure 8 compares the “real” response of the bridge (as calculated from the vehicle-bridge
simulation) and the reconstructed bridge response using the estimated contact force. In partic-
ular, the reconstructed response is derived from the solutions of the EOM of the bridge (Eq. 2)
using the estimated contact force from Section 5.3. This implies that we know the parameters of
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the bridge model. The comparison is excellent in terms of displacement response history of the
midspan of the bridge (Figure 8a), acceleration response history of the midspan of the bridge
(Figure 8b), and very good in terms of the envelope deflection of the whole bridge (Figure 8c).
These first results indicate that the proposed vehicle scanning approach with AKF estimation
of the contact force can be promising for reconstructing the response of the bridge and hence
useful for structural health monitoring applications.

6 CONCLUSIONS

This study examines the feasibility of identifying vehicle-bridge contact forces using solely
measurements from on-board sensors (on vehicles). Specifically, it proposes the use of the
Augmented Kalman Filter (AKF) for the identification of the unknown contact force acting on
the vehicle. For the vehicle dynamics, the study assumes the vehicle is known, adopts mode
superposition and formulates a state-space model of the vehicle, after removing the influence
of the rigid body mode. In lieu of field measurements, to demonstrate the effectiveness and
the performance of the AKF under different conditions, the analysis uses numerical simulation
experiments. The vehicle-bridge simulation examines 2-DOF vehicle models at varying speeds
and under different irregularities. The comparisons between the estimated and the “real” contact
forces indicate that the AKF is capable of achieving high-accuracy contact force estimation
with properly tuned covariance and sufficient measurement quantities. The analysis further
demonstrates the accuracy of the bridge response reconstruction from the estimated contact
force, assuming a known bridge model. Therefore, these first results illustrate the possibility
of virtual sensing from on-board sensors and enhance the promise of the vehicle scanning (of
bridges) approach.
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