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Abstract

Abstract

The aim of this research is to use inertial vehicle sensor data to determine road and rail profiles
and ultimately to monitor bridge condition. A novel fleet monitoring concept is developed to
determine profiles and detect bridge damage using a fleet of instrumented vehicles. To improve

the robustness of the calculation, a Bayesian updating method is developed.

As a first step towards calculating the profile from vehicle acceleration response(s), a novel
Inverse Newmark-Beta method is developed. For a single vehicle, the profile can be found if
the vehicle properties are known. However, for a single vehicle, acceleration by itself is not
enough to determine both profile and vehicle properties. Fortunately, a fleet of vehicles
provides additional information that can be used to address this problem. To solve this fleet
monitoring problem, the Inverse Newmark-Beta method is combined with the Cross Entropy
(CE) optimisation method. Sprung mass and half-car models are used to represent the vehicle
and test this method separately. Numerical results show that the calculated profiles are the same
as the ‘true’ profiles which were used to generate the ‘simulated measured’ accelerations. The
absolute values of the vehicle properties are not obtained accurately but this algorithm can
determine the relative values, i.e., the properties expressed as a proportion of the vehicle mass.

Noise is added to the measurements and is seen to have an influence on the calculated results.

The fleet monitoring concept is used again to determine a flexible railway profile, i.e., an
uneven surface that deflects under the weight of the passing vehicle. The ‘apparent profile’ (AP)
of the railway track is defined as the true surface profile plus components of track deflection
under the moving vehicle. Again, the Inverse Newmark-Beta method and CE optimisation are
used together to solve this problem. In this part of the thesis, the train is simulated as a 4-axle
carriage model and the railway track is represented by a beam (the rail) supported on spaced
sprung masses (the sleepers and foundations). The calculated AP of railway track is found to

be very close to the true one.

Since the previous method is sensitive to noise, the fleet monitoring concept is also solved using
a Bayesian Updating method. The road profile is again determined using the ‘drive-by’
measurements. The Markov Chain Monte Carlo method is used here to solve the problem, i.e.,
to find the vehicle properties and the profile. Results indicate that the calculated road profile is

very close to the true profile and is insensitive to Gaussian noise in the (simulated)
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measurements. In addition, it is possible to determine the relative vehicle properties at the same

time. A 3-D ‘carpet’ road profile is also tested and shows good results.

This thesis goes on to use similar principles of fleet monitoring to assess bridge condition or
health. Firstly, a novel method is proposed to calculate the moving reference influence line
(MRIL), i.e., the deflection due to a moving (static) unit load at the (moving) location of that
load. The results show that the MRIL can constitute an effective indicator of the behaviour and
condition of a bridge. The AP of a railway bridge is used to calculate the MRIL. The AP
experienced by the vehicle on the railway bridge is the true surface profile plus components of
ballast and bridge deflection under the moving vehicle. This numerical approach is assessed
using a blind test operated by an independent research group at the Norwegian University of
Science and Technology. In the blind test, a frame structure is used to model the railway
bridge/culvert and different levels of global damage are simulated on this bridge. Using a 4-
axle train carriage model, the damage levels of the bridge are inferred by the calculated MRILs
with very good accuracy. When a half car model is used to represent the train bogie, damage

levels can be found again, but with less accuracy.

The bridge damage is then detected using the Bayesian Updating method, with the data found
from the passing vehicles. Local damage is considered in the form of cracks in the bridge. The
second moments of area of each segment (finite element) of the bridge is updated as data
becomes available. It is shown in simulations that estimates of the bridge second moments of
area can be found, including cases where there are multiple instances of local damage. The
vehicle mass can be calculated in this process. Bridge bearing damage is also simulated in this
section. Using the Bayesian method, the value of bearing rotational spring stiffness, bridge
second moments of area and vehicle masses can be calculated at the same time which is a good

way to detect bridge bearing damage.
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Chapter 1

Chapter 1 — Introduction

1.1 Background

Roads and bridges are critical elements of any transportation network. They are expensive to
construct and maintain. In the event of serviceability limits being exceeded, or bridge collapse,
the infrastructure owners have to bear the cost of both maintenance/replacement and potentially
lost revenue during any period of closure. The collapse of the Malahide viaduct in Ireland in
2009, due to undermining of a bridge pier from inter-tidal scouring action, is one such example.
The direct cost of replacing the collapsed spans was approximately € 5 m (Anon, 2010).
However, the combination of lost revenue and the requirement to provide a replacement bus
service cost Irish Rail an additional € 5 m. Structural Health Monitoring (SHM) of bridges can
provide a means to detect damage and aid maintenance planning, thereby helping to prevent
bridge collapse, prolong service life and prevent unplanned repairs. Roads routinely become
damaged with features emerging such as potholes or increased roughness. Railway tracks also
have permanent settlement or ‘soft spots’ in the railway track, with excessive deformation in
response to load. These damages may influence the serviceable and safe operation of the

transportation network.

Traditionally SHM of roads and bridges has been undertaken using periodic visual inspections
made by engineers and other technical staff. Owing to the large number of structures present
on a transportation network, these methods are labour intensive, resulting in significant cost.
The inspection challenge is exacerbated by the logistical complications associated with
inspections of bridges over water and tall viaducts. It is difficult to achieve consistency in
monitoring due to the subjective nature of the inspections. As a result of these and other
challenges, there has been a shift towards sensor-based monitoring in recent years, with
research being conducted into improving sensing technologies and diagnostic techniques

(Fujino and Siringoringo, 2011).

The concept of ‘drive-by’ (indirect) monitoring of highway bridges was investigated by Yang

et al. (2004), Yang and Lin (2005). Drive-by monitoring involves the placement of sensors on

a passing vehicle. A major advantage of this ‘indirect’ monitoring is that an instrumented

vehicle can monitor large parts of a network as a by-product of its normal operation. When a

vehicle crosses a bridge, the bridge responds with a static deflection, combined with a dynamic

oscillation. The presence of damage in the structure causes a change in bridge stiffness which
2



Chapter 1

changes the modal properties, influencing both the static and dynamic responses. The response
of the bridge is sensed by the passing vehicle which will also vibrate differently. Consequently,
the response of the passing vehicle has the potential to be used to detect damage in the bridge.
Malekjafarian et al. (2015), Yang et al. (2020a) review the state-of-the-art in drive-by health
monitoring of highway bridges. The bridge dynamic properties such as natural frequency, mode
shapes and damping are identified using measurements from a passing vehicle in many studies
(Yang et al., 2004, Gonzalez et al., 2012, Zhang et al., 2012). Some other works focus on
damage detection techniques without finding the conventional dynamic characteristics of the
bridge.

The drive-by method is also used to determine road or railway track profiles. Many methods
are developed to calculate profile height or to determine the road roughness class (Gonzalez et
al., 2008, Harris et al., 2010). Using accelerations measured in moving trains, the longitudinal
profile of the track and the foundation stiffness under the sleepers can be determined (OBrien
etal., 2016, Yang et al., 2020b). These results show that passing vehicle measurements can be
used to estimate road and track condition effectively.

Many drive-by monitoring methods involve a specialist vehicle driving on the infrastructure
fitted with inertial sensors that extract information about the infrastructure. Specialist vehicles
are expensive, and they do not typically travel on a road/railway more than once or twice per
year, resulting in long intervals between condition reports. More importantly, accuracy is
limited by the speed of the vehicle — it is extremely difficult to get accurate information on, for
example, a short-span bridge in the second or two that it takes the vehicle to pass over it. Some
drive-by methods use a complex Cross Entropy (CE) optimisation method to determine the

profile which is computationally intensive (OBrien et al., 2016, OBrien and Keenahan, 2015).

This goal of this thesis is to extend the drive-by method to a vehicle fleet monitoring concept.
The proposal is to extract drive-by data from the population of regular vehicles in the
transportation network. Nowadays, vehicles are getting smarter with ever greater numbers of
sensors, including accelerometers. It seems reasonable to assume that, in the medium or long
term, the data from these vehicles can be accessible for road and bridge management purposes.
With the rapid development of fifth generation (5G) communications technology, the
performance of communications networks is improving and it may be possible to collect these

data from drive-by vehicles in real time.
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A major challenge in this thesis is the calibration problem, i.e., finding both the vehicle
properties and the profile, knowing only the accelerations. A further goal is to monitor bridge
condition with accelerations from the same vehicles, using the vehicle properties calculated
from off-bridge data.

1.2 Research Objectives and Outline

The overall focus of this study is to develop the drive-by method using a fleet of operating
vehicles. A fleet monitoring concept is developed to monitor roads, railways and bridges. A
number of novel methods are proposed to estimate the road/track profile and to detect bridge
damage. Vehicle-Bridge Interaction (VBI) simulation models are used extensively in this study.
Figure 1.1 provides an outline of this thesis. It highlights the links between the key contributions
of this work and the different chapters.

Chapter 2 of this thesis describes a novel Inverse Newmark-Beta method to determine the 2-
dimensional (2-D) road profile exciting the vehicle, from its acceleration responses. The
measured accelerations are simulated using a vehicle and road dynamic interaction model.
Sprung mass and half-car models are tested separately. This method is effective and finds the
profile with little computational effort. Combining the Inverse Newmark-Beta method with a
Cross Entropy (CE) optimisation algorithm, the vehicle fleet monitoring concept is proposed to
predict road profiles. Using this concept, the profiles can be calculated without prior knowledge

of the vehicle properties.

Profile calculation: Chapter 2
Determination of road profile
2D road profile using multiple passing vehicle
measurements
3D road profile
Chapter 3
Flexible track profile Detecting railway bridge damage
using numerically calculated

responses from batches of trains

Bridge Damage Detection Chapter 4

A Bayesian approach to the
estimation of road profile and
bridge damage from a fleet passing
vehicle measurements

Global bridge damage
Bridge bearing damage

Local crack damage

Figure 1.1 Chart showing the outline of the thesis.
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Chapter 3 further develops the vehicle fleet monitoring concept and extends its application to
railway tracks which have a flexible profile, i.e., a profile that deflects under load. It uses sensor
data from a batch of in-service train passes to determine the apparent profile of railway track
i.e., the true profile plus components of track deflection under the moving train. In this chapter,
the concept is further extended to determine the structural health of a railway bridge. A train-
track—bridge (TTB) dynamic model is used here which was developed by others (Cantero et al.
(2016). The train is represented by a 4-axle railway carriage model and the track is modelled as
a beam (the rail) supported on a spaced sprung mass system which is flexible. The apparent
profile of the railway track is calculated from the Inverse Newmark-Beta method in
combination with Cross Entropy (CE) optimisation. For bridge health monitoring, the apparent
profile of the bridge is first determined, i.e., the true profile plus components of ballast and
bridge deflection under the moving train. The apparent profile is used, in turn, to calculate the
moving reference influence line, i.e., the deflection due to a moving (static) unit load. Global
change of bridge stiffness is simulated as the type of damage in this section. The moving reference
influence line constitutes an effective indicator of global damage of the bridge. This numerical
approach is tested numerically using an elaborate finite element model operated by an

independent research group.

Chapter 4 uses a Bayesian Updating method to calculate the road profile using data from a fleet
of simulated vehicles. A 3-dimensional (3-D) road surface profile is simulated to allow for the
fact that each vehicle may pass along the profile in a slightly different transverse position on
the road and experience a slightly different profile. Gaussian noise is added to allow for
inaccuracy in the acceleration measurements. This method can calculate the 2-D and 3-D
profiles with good accuracy. This approach is also applied to monitor bridge damage. Firstly, it
considers bearing damage, simulated as an increase in support rotational stiffness. The support
rotational stiffnesses can be calculated with the Bayesian Updating method. Then, crack
damage is simulated, assumed to affect the bending stiffness of a region equal to 1.5 times the
beam depth on either side of the crack. Bayesian Updating is shown to be capable of estimating
the values of the bridge second moments of area, thereby giving an estimate of both damage

location and severity.

1.3 Thesis Structure

This thesis comprises three scientific papers which have either been submitted for publication

or published. Each of Chapters 2 to 4 is a stand-alone paper which means that there may be
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some repetition between chapters. It also means that each chapter has its own short literature
review and there is no general review in the thesis. The status of each paper (submitted or
published) is stated at the beginning of each chapter, along with an explanation of the
candidate’s contribution. It is the policy of the research group, generally, to rotate first
authorship of publications. Two appendices are included at the end of the thesis. Appendix A
introduces the Inverse Newmark-Beta integration method using a simple half car model to
calculate the track AP. A more elaborate 4-axle vehicle model is used in the explanation of the
concept in Chapter 3. Appendix B provides the detailed algorithm of the Inverse Newmark-
Beta method for the 4-axle train carriage model used in Chapter 3 and the quarter-car model
used in Chapter 4.
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Chapter 2 — Determination of Road Profile Using Multiple

Passing Vehicle Measurements

2.1 Introduction

Over time, roads and bridges often become damaged due to vehicle overloading, bridge strikes
and due to environmental effects. Undoubtedly, this damage may impact the safe running of
the transportation network and consequently, infrastructure monitoring is an important area of
research. Highway structures such as bridges are most commonly monitored by visual
inspection that requires large numbers of inspectors and significant cost. Furthermore, due to
human subjectivity and differing experience, it is often difficult to achieve consistency in the

results.

Recently, the concept of sensor-based monitoring of road structures has become popular in the
literature. It can be divided into two types: direct and indirect monitoring. Direct monitoring
measures the response directly using sensors installed in the structure. This method requires
multiple sensors to be mounted on a bridge, for example, which can be more expensive than
traditional visual inspections. It also results in a significant amount of data being collected,
stored, transmitted and processed. Furthermore, the direct sensing method is specific to the
infrastructure in which the sensors are installed; these sensors cannot be subsequently reused in
another structure. As a result, the concept of indirect monitoring (the drive-by method) is
proposed for road profiles by Gonzalez et al. (2008) and for bridges by Yang et al. (2004), Yang
and Lin (2005), Gonzalez et al. (2008). This family of methods uses inertial sensors installed
in a passing vehicle to assess the condition of pavement, railway track or a bridge indirectly.
There is no need for sensors to be installed in the road or on the bridge. This chapter proposes
a new method of drive-by monitoring to determine the surface profile. For a road pavement or
railway track, this can be used directly as a measure of pavement/track condition. For a bridge,
the profile experienced by the vehicle includes elements of bridge deflection and, as such, can
be used as an indication of the bridge condition. Compared to the direct method, indirect
monitoring has a number of advantages; it is easy to operate, efficient, economic, and no power

supply is needed in the infrastructure.

Road profiles are often monitored using specialist vehicles, particularly for highways and major

roads. Sayers and Karamihas (1998), Sayers and Karamihas (1996) discuss inertial
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profilometers, that can measure profiles at highway speeds. A typical inertial profilometer
consists of a vehicle equipped with a height sensing device, such as a laser, which measures
pavement elevations at regular intervals. The effects of the vehicle can be removed from the
elevation measurements using accelerometer(s) mounted on the vehicle. High resolution profile
measurements can be provided, but at significant cost because of the laser-based technology.
Ergun et al. (2005) also measure road surface macrotexture with a laser profilometer. Ma et al.
(2018) review developments in mobile laser scanning (MLS) techniques which introduce many
MLS technology applications and show that this technology can achieve accurate road

condition detection. These specialist vehicles are expensive and do not run frequently.

With considerably greater precision (and cost), Flintsch et al. (2012) identify continuous
deflection devices such as traffic speed deflectometers (TSD’s), as valuable tools in pavement
analysis. Using a set of velocity-sensing lasers, the TSD measures the pavement deflection
velocity based on the Doppler principle. Malekjafarian et al. (2017) use a vehicle pavement
interaction model to illustrate the functionality of a TSD. The pavement is represented by a
Winkler model and pavement deflections are calculated from the simulated TSD measurements.
The deflections compare well to those from a numerical model. Later, OBrien and Keenahan
(2015) propose a TSD-type vehicle containing two displacement sensors to measure pavement
deflection. Using data collected from sensors in the TSD, the ‘apparent profile’ is calculated
and the time-shifted difference in the apparent profile is used to indicate bridge damage.
Numerical simulation suggests that this method can be used as a damage indicator in the
presence of noise. It is shown to be economical, efficient and free from the influence of other

heavy traffic on the bridge.

In recent years, different methods have been proposed to measure road surface profiles using
smartphone in passing vehicles. The concept of using crowd sourcing to detect potholes or
bumps in pavements is already established in the ‘Street Bump’ app in operation in Boston.
However, this is a very simple empirical approach, most likely using an acceleration threshold
in the smartphone, above which a bump is registered. There are also some challenges with this
concept. For example, the quality of devices can limit the quality of the gathered information,
compromising the precision (O'Leary, 2013). Souza et al. (2018) introduce a new system,
Asfault, to evaluate and monitor road pavement condition using smartphone sensors. These
sensors can measure the vehicle vibration while driving and use the data to evaluate pavement
condition. This system classifies road quality into 4-classes: Good, Average, Fair, and Poor, as

well as identifying the occurrence of obstacles on the road. Zang et al. (2018) use GPS and
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accelerometer sensors on bicycle-mounted smartphones to measure the road surface roughness
of pedestrian and bicycle lanes. Nevertheless, smartphone-based sensing has the challenges of
low frequency and low detection accuracy (Sattar et al., 2018). Mei et al. (2020) use gyroscopes
in smartphones to measure road deformation in a series of laboratory experiments. Du et al.
(2020) develop a new method to recognize a damage road surface using accelerations from a
smartphone. The improved Gaussian background model is used to extract the features of the
damage pavement, and the k-nearest neighbour (kNN) algorithm is used to distinguish damage
pavement types, including pothole and bump.

Accelerometer(s) mounted on the vehicle provide an accurate means to monitor road profile at
low cost. Imine et al. (2006) present a method to estimate road profile by analysing the
measured dynamic response of an instrumented vehicle. In this method, a full car sprung mass
model is used to determine the road profile from the vertical wheel accelerations and vertical
displacement and rotation of the vehicle body. Gonzalez et al. (2008) collect data from
accelerometers fitted to a vehicle and use this data to estimate the condition of a road. This
approach uses the relationship between vehicle accelerations and the power spectral densities
of road surfaces using a transfer function. The road condition is classified using Fourier analysis
to calculate the power spectral density (PSD) function of the surface. The result shows that road
profile roughness can be accurately classified using axle and body accelerations from a range

of simulated vehicle-road dynamic scenarios.

Harris et al. (2010) describe a novel method for the characterisation of road surface profiles
using measurements of vehicle acceleration. The method proposes the use of a combinatorial
optimisation technique to determine the road profile which causes a set of observed responses
in a known vehicle model. The parameters of the half-car model are determined using road
profiles and known accelerations. The algorithm is numerically validated for different road
profiles and, while computationally intensive, the calculated road profile heights are found to
provide a good fit to the true profiles. OBrien et al. (2014) present a method to monitor transport
infrastructure (such as bridges and pavements) by analysing vehicle accelerations. Using the
vehicle response, an algorithm is developed to identify the dynamic vehicle-bridge interaction
forces. It is proposed that this method could be used to identify the global bending stiffness of

the bridge and to predict the pavement roughness.

Fauriat et al. (2016) use a data processing algorithm to estimate road profiles from the dynamic

responses measured on a vehicle. This algorithm, based on Kalman filtering theory, aims at
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solving a so-called inverse problem, in a stochastic framework. The application of Kalman
filters was investigated to classify road condition by Wang et al. (2016). Kim et al. (2019)
propose an improved discrete Kalman filter to simultaneously estimate unknown road
roughness input and state variables for a vehicle suspension control system. Fox et al. (2017)
develop a novel crowd-sourced system to monitor the road. This method uses accelerometer
data from embedded vehicle sensors to detect and localize potholes in multi-lane environments.
An Independent Component Analysis (ICA) technique is used to identify the road profile
knowing the dynamic responses of the system (Ben Hassen et al., 2019).

Cross Entropy (CE) optimisation is sometimes used to solve optimisation problems in Civil
Engineering. Walsh and Gonzalez (2009) use CE optimisation to estimate the stiffness
distribution of a structure, given a set of displacements. Harris et al. (2010) use CE optimisation
to infer the parameters of a vehicle model by examining the vertical acceleration response of
the vehicle to a known excitation. Li et al. (2014) develop an optimization method to identify
1st frequency and stiffness of the bridge based on a Generalized Pattern Search Algorithm
(GPSA). OBrien and Keenahan (2015) use CE optimisation to determine the apparent profile,
where displacements recorded by the sensors are the assumed inputs. Quirke et al. (2016) use
the CE optimisation technique to determine the track stiffness profile of a railway track. This
method generates a vehicle response that best fits the measured vertical accelerations of a

railway carriage bogie.

While the use of CE optimisation methods represents a step forward in solving engineering
problems, the computational effort of doing so is a significant drawback. It is often grossly
inefficient to solve engineering problems using optimisation in a brute-force manner. This
chapter introduces a new indirect method of back-calculating the road profile from vehicle
accelerations. Firstly, the chapter presents the Inverse Newmark-Beta algorithm for calculating
the road profile using the vehicle acceleration histories. The work is then expanded to introduce
the concept of using a fleet of vehicles to find the road profile more accurately, ever without
prior knowledge of the vehicle properties. This fleet-based monitoring method uses the Inverse

Newmark-Beta method and the CE algorithms together.
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2.2 Model Description

2.2.1 Vehicle model

In this study, a variety of vehicle models are used. Initially, the work considers a sprung mass
model, then a half-car model to represent vehicles travelling on profiles.

2.2.1.1 Sprung mass model

Firstly, the vehicle is represented as a sprung mass model, as shown in Figure 2.1. This simple
dynamic system consists of a mass and a spring. The general equation of this single degree of
freedom dynamical system can be expressed as:

mii+ ku=F (2.1)

where m and k are the mass and stiffness of the vehicle, respectively, ii and u are the vehicle
acceleration and displacement respectively, and F is the applied force at the vehicle degree of

freedom, ie, the force in the spring. F is related to profile y(t) and can be expressed as:

F(t) =k x y(t) (2.2)

-k

m

Figure 2.1 Sprung mass and profile model.
2.2.1.2 Half-car model

The vehicle is later extended to a 4 degree-of-freedom half-car model travelling on the road
(Figure 2.2). The four independent degrees of freedom correspond to sprung mass bounce
displacement, u, sprung mass pitch rotation, 6, and axle hop displacements of the unsprung
masses at axle 1 and axle 2, u,; and u,, respectively. The sprung mass, m represents the
vehicle body and I; is the sprung mass moment of inertia. The unsprung masses, m,, ; and m,, ,
represent the axle components. The sprung mass connects to the axle masses via a combination
of springs and dampers. The stiffness of springs is K ; and damping coefficients of viscous

dampers are C; which represent the suspension components for the front and rear axles (i =
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1,2). The axle masses connect to the road surface via springs with linear stiffnesses, K, ; which
represent the tyre components for the front and rear axles (i = 1,2). Finally, the distances from

the axles to the centre of gravity are D; and D,.

Figure 2.2 Half-Car and road model.

The equations of motion of the vehicle are obtained by imposing equilibrium of all forces and

moments acting it:
M,i, + C,u, + K,u, = f, (2.3)

where M,,, C,, and K,, are the mass, damping and stiffness matrices of the vehicle respectively:

my; O 0 0
0 I 0 0
Mi=lo 0 my, O (2.4)
0 O 0 my,
[ Cs 1t CSZ D1Cs,1 - DZCS,Z _Cs,l _Cs,z]
|D1 5,1 DZ 5,2 D12C5,1 + DZZCS,Z _D1CS,1 DZCs,Z | (2 5)
[ 5,1 _chs,l Cs,l 0 J
Cs 2 D,Cs2 0 Cs,z
[ Ks 1+ Ksp DiKs1 — DyKs —Rs,1 2
_|PaKoa = DaKsz DKoy +DyPKsy  —DiKs Dszz | (26)
[ Ks 1 _Dle,l Ks,l +Kt,1 J
$,2 DK, 0 sZ+Kt2

The vectors, ii,, 11, and u,, are vehicle accelerations, velocities and displacements respectively.

The displacement vector of the vehicle is:

Uy, = {us: O, Uy1, uuZ}T (2-7)
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The time-varying dynamic interaction force vector is:
fo ={0,0, Fyy, Fio}" (2.8)
The dynamic interaction force at wheel i is:
Fei = Ky Xy (2.9)
i = 1,2, where y; isthe road profile.

2.2.2 Road model

In this research, a 100 m road profile is generated by Monte Carlo simulation according to the
ISO standard (ISO 8608: 1995). A class ‘A’ road is used which is a ‘very good’ profile and
expected in a well-maintained highway. It has a geometric spatial mean of 16 x 107m3/
cycle. A moving average filter is applied to the generated road profile heights, y;. It is over a
distance of 0.24 m to simulate the attenuation of short wavelength disturbances by the tyre
contact patch (Harris et al., 2007, OBrien et al., 2014).

2.3 Direct Solution of Profile Calculation

In vehicle-road-interaction, the forward problem uses the coupled vehicle-road model to find
vehicle accelerations, velocities and displacements for a specified road profile. By contrast, the
inverse problem takes measured accelerations from a vehicle traversing a road, ii and uses this
signal to find the road profile. In previous research, the road profiles are back-calculated from
vehicle-mounted sensor data (accelerations) using an optimisation procedure (OBrien and
Keenahan, 2015). This method involves finding the profile elevations that give a best fit to the
measured acceleration data. In this section, a new Inverse Newmark-Beta method is developed
and used to solve the inverse problem of finding the road profile from vehicle acceleration
histories. The dynamic systems are solved in MATLAB using the Newmark-Beta integration

scheme for sprung mass and half-car models.

2.3.1 Sprung mass model

For the sprung mass vehicle, the inverse problem is solved using the Newmark-Beta method.

A value of y = 0.8 is used to ensure unconditional stability of the algorithm. In the Newmark-

Beta method, the integration constants are listed:
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Time step, At = 0.001, y =0.8,8 = 0.25 x (0.5 + y)?

ap = 1/(B x At?), a; =y/(B X At), a, =1/(B x 4t),
az=1/(x2)—1a,=v/B—1, (2.10)
as =At/2 X (y/B —2),as = (1 —y) X At,a, = y X At

At the first time step, the mass, m, spring stiffness, k, time step, 4t, initial displacement and
velocity of the mass, u,, u,, are deemed to be known. The acceleration of the mass ii is
measured so it is also known for each time step. Here the displacement and velocity of the mass
at each time step can be calculated using the Newmark-Beta method:

Upyae = (Uegae + a2 X U + az X Up)/ag + uy (2.11)
Uppar = U + g X U + a7 X Upyp (2.12)

Using the displacement, velocity and acceleration of the mass, the force being applied to the

mass can be determined.

The effective stiffness matrix is found using:

K=k+ayxm (2.13)
The effective force is found using:
Frone = K X Upypny (2.14)
Fripe = Fropgr —m X (ag X up + a, X 0y + az X iiy) (2.15)
Finally, the profile is calculated using:
Yevat = Feyacl/k (2.16)

Figure 2.3 shows a sample ‘calculated’ profile using this Inverse Newmark-Beta method, and

the ‘true’ profile which was used to generate the accelerations in the forward problem. In both
cases, the mass of the vehicle is 15 000 kg and stiffness of the spring is 3 500102 N/m. The

results clearly demonstrate that the calculated profile is the same as the ‘true’ profile.
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Figure 2.3 Calculated profile and true profile of sprung mass model.
2.3.2 Half-car model

In later simulations, the vehicle is represented with a half-car model, and the inverse problem
is also solved using the Inverse Newmark-Beta method. The approach assumes knowledge of
the sprung mass bounce acceleration, ii, and the sprung mass pitch rotational velocity 6. Also,
the vehicle properties M,, C,, K,, are taken to be known. Then, using the Newmark-Beta
integration scheme, the displacement and velocity of the sprung mass can be calculated. The
unsprung mass displacement can be calculated using the equations of motion of the sprung
mass. Then, the acceleration and velocity of the unsprung mass can be found. Finally, using the
Newmark-Beta integration scheme, the time varying interaction forces applied by the vehicle

and the profile can be calculated. There are five steps in the process as follows:

Step 1:
Using the Newmark-Beta integration scheme, the sprung mass bounce displacement, u, and

velocity, 1, sprung mass pitch rotational displacement, 6, and accelerations, 6, can be

calculated:
Ugerar = (Usesar T A X Use + a3z X Ug)/ag + Usy (2.17)
Ustrar = Use T Ag X Use + A7 X Uspype (2.18)
Oscvae = (Osprar + as X Osp + as X O5¢)/as + b5, (2.19)
Oerae = Ao X (Ogpiar — O5¢) — ay X b5 — a3 X B, (2.20)
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Step 2:

According to Equations (2.3) to (2.9), the equations of motion of the sprung mass can be found:
Mg X Ug pype + (Cs,l + Cs,z) X U rae + (D1Cs1 — DaCs2) X O ppne — Cs1 X Uyt tvae
—Csp X Uyzpine + (Ko1 + Ksz) X Ugpine + (D1Ks1 — D2Kgp) X Ogppne

—Ks1 X Uyat+at—Ks2 X Uz t4ae =0 (2.21)
I X G p4ne + (D1Csq — D2Csz) X Ugppar + (D17°Coq + D27 Csp) X Bpin
—D1Cy1 X Tyt +2e+D2Cs 2 X g erar + (D1Kg1 — DKo p) X Uspia
+(D1°Kg1 + D% K 5) X Og04ae=D1Kg 1 X Uyn prae+D2Ks 2 X Uy pine = 0

(2.22)
The terms, vy, ¢4ae aNd Uy, 14: Can be removed by combining Equations (2.22) with

Equations (2.21), scaled by D,:

Dymg X iig e ar + Dy(Csy + Csz) X Userar + Dp(D1Csn — DyCs0) X Bseine
+ D, (Kgq + Ky 2) X Ugpiar + Da(DiKsy — DK ) X Ogppne + Is X Al piae
+ (D1Csa = D3Co2) X Usrar + (D1*Csa + D37 Co2) X Osprar
+ (D1Ks1 — DoKs ) X Ugine + (D17 K1 + Do Ky 5) X Ogpin

= (chs,1+D1Cs,1) X Uyqpear T (D2Ks1+D1Kg 1) X Uy piar

(2.23)

In the Newmark-Beta method,
Uygerae = A1 X (Uygerar = Uure) — Qg X Uy — Qs X Uy (2.24)
Substituting (2.24) into (2.23), the unsprung mass displacement can be found:

Uygeene = (Dams X dlgppae + Is X Oseige + (DZCs,l + D1Cs,1) XUseyar + (D2D1Cs1 +
D1?*Cg1) X Bgpipe + (D2K5,1 + D1 K1) X Useiar + (D2D1Ksq + D1 Kgp) X O e +
(D,Cs1+D1Cy 1) X (al XUyge + Ay XUyge +as X uul,t))/(Dsz,1+D1Ks,1 +
(D2Cs1+D1Cs1) X ay) (2.25)
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Step 3:
Using the Newmark-Beta method, unsprung mass acceleration and velocity can be calculated:

Uyptrar = Ao X (Uyperar — Uyse) — Qg X Uyqp — Az X Uyqe (2.26)
Uyt,trar = Uyre + Qg X Uyqe + A7 X Uyq erar (2.27)

Step 4:
Use Newmark-Beta to calculate f, ., ». at time step, t + At,

The effective stiffness matrix is:
K=K,+ayxM,+a, XC, (2.28)
The effective force is:
forrar =K XUy pin (2.29)
and,
forrar = foprar — My X (@o X Uy + ap X Uy + az X i)

_C‘V X (a1 X uv‘t + a4 X ‘llv‘t + a5 X ‘I'J',v‘t)

(2.30)
According to Equation (2.8), £, r44t = {0,0, Fey ¢ 46, FtZ,HM}T, and Fy; ¢4 4; is known.
Step 5:
Finally, the profile can be calculated using Equation (2.9):
Yierar = Frievac /K (2.31)

Using this Inverse Newmark-Beta method, the profile can be calculated step by step. For a
specified profile, the forward problem is used here to calculate the accelerations and rotational
velocities in the usual way. All the vehicle property values are listed in Table 2.1. These
accelerations and rotational velocities are then used as the ‘measurements’ in a test of the
inverse problem. The inverse problem is solved to back-calculate the profile using these signals.
Figure 2.4(a) presents the calculated profile and the true profile. Figure 2.4(b) shows a detail in
the 45 m to 55 m zone. As expected, the results show that the profile is found with a high degree
of accuracy. The profiles are calculated using this approach directly. However, in the

optimisation method the profiles are split into a number of phases to be calculated separately
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(OBrien and Keenahan, 2015). In each phase, a large population of unknows is generated and
regenerated for many generations. This Inverse Newmark-Beta method is much more efficient
than an optimisation algorithm and allows the calculation to be completed in a fraction of the
time.

Table 2.1 Vehicle parameters of half-car model.

Property Unit Symbol  Value
Body mass kg mg 16 200
my, 700
Axle mass kg Moy 1100
N K 4x10°
-1 s1
Suspension stiffness Nm K., 15408
. . C 1x10*
-1 s1
Suspension damping N sm Cor 210
: K 1.75x10°
Tyre stiffn -1 bl
yre stiffness Nm Ke» 3.5510°
Pitch moment of inertia kg m? I 93 457
Distance of axle to centre of m D, 2.375
gravity D, 2.375
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E 0015
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2 0005
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Figure 2.4 (a) Calculated profile and true profile of half-car model (0 to 100 m); (b)
Calculated profile and true profile of half-car model (45 to 55 m).
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2.4 Vehicle Fleet Monitoring Concept

It is shown in the previous section that road profiles can be found, knowing the vehicle
accelerations and the vehicle properties. In this section, a vehicle fleet monitoring concept is
introduced to calculate profiles from vehicle accelerations without prior knowledge of the
vehicle properties. For a single vehicle, either the profile or the vehicle properties can be found,
but not both. But all vehicles in a fleet are subject to the same profile. This feature is exploited
here to find the profile. To solve the fleet problem, the Inverse Newmark-Beta method and the
Cross Entropy (CE) optimisation technique are used together. Like the genetic algorithms
(Goldberg and Holland, 1988) CE is a population-based method of optimisation (Rubinstein
and Kroese, 2004). A population of trial solutions is generated randomly using Monte Carlo
simulation. Each solution in the population is assessed and an ‘elite set’ of the best solution
identified. Discarding all other solutions, the vector mean and standard deviation of the ‘elite

set’ is used to generate a new population of solution and the process repeated until convergence.

It can occur that the CE algorithm converges prematurely and not converge to the true optimum.
A method called ‘injection’ is used to address this problem, proposed by Botev and Kroese
(2004). Injection resets the standard deviation in the Monte Carlo simulation to restart the
algorithm. The first two injections reset the standard deviations at their initial values. Then the
magnitude of the following ones decrease in inverse proportion to the number of injections
(Casero et al., 2014).

The responses to a group of vehicles whose properties are unknown provide the data used in
this method. Applying CE, a population of vehicle properties are randomly generated from a
normal distribution. For each vehicle in this population, the responses are used to calculate the
profile using the Inverse Newmark-Beta method. These calculated profiles will not, generally,
be correct as incorrect vehicle properties have been used. However, the sets of properties for
some vehicles will be better than for others and these can be identified as the corresponding
profiles will be similar. The objective function for the j" trial solution, 0;, is therefore the sum

of squared differences of the profile its mean values.

_ 2
0] = Z Z Z(rh'i'j'k — rh,j,k) (232)
i h k

where 7y,; ; . is the k" profile elevation in the j* trial of h*" axle of the i*" vehicle’s in the

fleet and 73, ; , is mean profile in the jt trial of h" axle of the n; vehicles of the fleet:
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_ 1
Thjk = n_z Thi,jk (2.33)

L=
L

The objective functions are then ranked and the 10% best of the trial vehicle property sets are
selected. Through the normal CE method, Monte Carlo simulation is used to generate the next
generation of trial vehicle properties from the means and standard deviations of this elite set, u

and o. Figure 2.5 illustrates the workflow of the algorithm presented in this chapter.
2.4.1 Results for sprung mass modal

For this investigation a very small population of just 6 vehicles is selected to illustrate the
procedure (n; = 6). The parameters for these 6 vehicles are chosen randomly and used in the
forward problem to generate the responses that would be measured. The six sets of parameters
are given in Table 2.2. Using these parameters, the forward problems are solved to determine
the acceleration histories. These accelerations are used as inputs to solve vehicle fleet problem.

The profile is calculated using these accelerations without knowledge of the vehicle properties.

Table 2.2 Ture vehicle parameters of sprung mass model

Vehiclel Vehicle2 Vehicle3 Vehicle4 Vehicle5 Vehicle 6
m (kg) 15614 12 365 18 115 13 081 13 609 13 975
K(Nm?) 2655x10° 4138x10% 2123x10° 4402x<10° 1108x10°® 1917x103

The initial mean of mass and stiffness are 10 000 kg and 300><10® Nm™ respectively. The
calculated profiles are shown in Figure 2.6 and can be seen to be the same as the true profile.
The calculated parameters (m and k) for the six vehicles are highly inaccurate, as shown in

Table 2.3 (However m/k ratio is found with good accuracy).
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Given: sprung mass bounce acceleration, ii, the sprung
mass pitch rotational velocity 8, response to n; vehicles

\ 4

Generate 300 (j) trial properties for each vehicle (i)

!

Calculate profile each using Inverse Newmark-Beta method, 7, ; «

\4

Calculate mean profile of every trial

\ 4

B 1
Thjk = n Thijk
L -

1

Calculate objective function of every trial

0; = z z Z(Th,i,j,k - fh,j,k)z
i h k

« threshold Yes —»| Profile found

v
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A

Calculate vector mean and standard deviations of
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A

Repeat generate new trial properties using

mean and standard deviation

Figure 2.5 CE optimisation method algorithm.

22



Chapter 3

Table 2.3 Inferred vehicle parameters of sprung mass model.

True True True Inferred Inferred Inferred
ratio ratio

m(kg) kNNm?)  mk  m(kg Kk(Nm?)  mk

Vehiclel 15614 2655%10° 0.0059 2098 356920  0.0059

Vehicle2 12365 4138x10° 0.0030 1933 645469  0.0030
Vehicle3 18115 2123x10° 0.0085 4221 495372  0.0085
Vehicle4 13081 4402x10° 0.0030 1663 558 487  0.0030
Vehicle5 13609 1108x10° 0.0123 5524 449 414  0.0123
Vehicle6 13975 1917x10° 0.0073 3832 523167  0.0073
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Figure 2.6 True profile and calculated profiles for sprung mass vehicles of the fleet.

To investigate the sensitivity issue, different vehicle fleets are generated. Accelerations are
calculated by the forward problem in the vicinity of the true (mg, kg) pair of (14 000, 3.5 %
10°) whose mg/ kg ratio is 0.0040. Four vehicles near incorrect pairs (m,, k) are generated,
(mo + Am, k), (mg, ko — Ak), (my — Am, ky), (Mg, ko + Ak), where Am =1 000 kg and
Ak=100 000 Nm. The incorrect pairs are generated by varying the mass, m,, from 11 000 kg
through 20 000 kg in increments of 1 000 kg and the stiffness k,, is generated in the immediate
vicinity from 3.2 x 106 Nm through 5 x 10 Nm™ in increments of 200 000 Nm. For the
true vehicle properties, four (approximately) true vehicle signals are generated, corresponding
to, (my + Am, kg), (mg, ko — Ak), (img — Am, kg), (mg, k¢ + Ak). All other vehicle property
points, (my, k) are incorrect and are used to assess the sensitivity of the result to their incorrect
values. For each small fleet in the vicinity of the incorrect pair, the profiles are calculated.
Contours are plotted in Figure 2.7 of the Root Mean Square (RMS) difference between the

calculated profiles and their mean.
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It can be seen that there are equally good solutions for all (m, k) pairs for which the m,/k,
ratio is 0.0040, showing that there is insufficient information to find unique value for m, and
ko. Two points are chosen to explain the issue. In each case, the inverse problem is solved to
find the profiles. Point A is (18 000, 4.5 x 10°) and has the same m,/k, ratio as the true
vehicle. Point B (13 000,3.8 x 10°), on the other hand, has a different m,/k, ratio. The
calculated profiles and true profiles (0 to 100 m) are shown in Figures 2.8(a) and 2.9(a). Figures
2.8(b) and 2.9(b) show the detail in the 45 m to 55 m zone. The profile calculated at Point A is
very similar to the true profile even though the m and k values are incorrect. The profile
calculated at Point B is different from true profile and significantly, the 4 profiles are different

from each other.
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Figure 2.7 RMS difference between the calculated profiles and their mean.
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Figure 2.8 Calculated and true profiles (continued on next page).
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Figure 2.8 Calculated and true profiles (continued from previous page) (a) Point A (0 to
100 m); (b) Point A (45 to 55 m).
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Figure 2.9 Calculated profile and true profile (a) Point B (0 to 100 m); (b) Point B (45 to
55 m).
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2.4.2 Results for half-car model

The half-car model is further used to investigate the vehicle fleet concept. Vehicle properties
for a fleet of six vehicles are randomly generated and are shown in Table 2.4. The forward
problems are calculated to get sprung mass bounce acceleration and sprung mass pitch
rotational velocity. From this the vehicle fleet problem is solved using these acceleration and
velocity histories. The initial values for the properties of all vehicles are also shown in the table.
The calculated profiles are shown in Figure 2.10. Figure 2.10(a) is the calculated profile under
1% axle of Vehicle 1 and the true profile. A detail in the 45 m to 55 m zone is shown in Figure
2.10(b). The calculated profiles 1% axle of all six vehicles in the fleet and the true profile as

shown in Figure 2.10(c).

Table 2.4 Vehicle parameters and initial values of half car model.

Initial

Parameters Vehicle 1 Vehicle 2 Vehicle 3 Vehicle 4 Vehicle5 Vehicle 6 values

Is(kgm?) 89415 77891 94629 96146 82743 104587 80 000
me(kg) 15499 13502 16403 16666 14343 18129 10000
mui(kg) 783 697 723 712 687 751 500
mi2(kg) 1035 1340 1085 1113 1217 1107 800
Ks1(NM™Y) 384005 427600 432625 428476 451610 426744 300 000
Ks2(Nm1) 1119084 879754 998021 984328 839591 1025730 800 000
Kea (Nm?) 1733740 1608501 1800050 1522849 1871435 2026006 1000 000
Kz (Nm?) 3257879 3800299 3938900 2942195 2995662 3699 902 3 000 000
Csa(Nsm?) 8944 11415 9195 10529 10219 9078 9000
Cs2(Nsm?) 15659 19882 17979 21229 21015 23385 10000
Di(m) 2375 2375 2375 2375 2375 2375 2
Do(m) 2375 2375 2375 2375 2375 2375 2

26



Chapter 3

0.025
0.02
£0.015
£ 0.01
]
& 0.005
0
-0.005 0 9 18 27 36 45 53 62 71 80 89 98
Position (m)
True profile - Vehicle 1
(a)
0.01
0.008 7
£ 0.006
2@
S 0.004
o
0.002
0
45 46 48 50 52 53
Position (m)
True profile ------- Vehicle 1
(b)
0.025

Profile (m)

»
i

1 iy
W

A y | /
MY VYCAIRN 4
0 ' ' i W vy

18 27 36 45 53 62 71 80 89 '98

-0.005 —
Position (m)
True profile = -------- Vehicle 1 Vehicle 2
ffffffff Vehicle 3 --------Vehicle 4 Vehicle 5
Vehicle 6
(©)

Figure 2.10 (a) Calculated profiles under 1%t axle of vehicle 1 and true profile (0 to 100
m); (b) Calculated profiles under 1%t axle of vehicle 1 and true profile (45 to 55 m); (c)

Calculated profiles under 1% axle of vehicle 1 to 6 and true profile (0 to 100 m).
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Table 2.5 shows the calculated vehicle properties. Like the sprung mass model results, the
calculated vehicle properties are quite inaccurate, though the calculated profiles are close to the
‘true’ profile. However, as for the sprung mass model results, the calculated ratios of vehicle
properties to sprung mass can be calculated with good accuracy. This is shown in Table 2.6
which compares the estimates to the true property ratios.

Table 2.5 Calculated vehicle parameters of half car model

Parameters Vehicle 1 Vehicle 2 Vehicle 3 Vehicle 4 Vehicle5 Vehicle 6

Is(kgm?) 65728 60306 68852 71545 64244 73364
me(kg) 11229 10305 11725 12252 10992 12508
mui(kg) 533 504 477 506 480 467
mu2(kg) 764 1020 800 806 915 766
Ksi(Nm?Y) 314279 367754 349669 355918 387510 329456
Ks2(NmM?) 771019 646553 680329 692506 618190 679 566
Kea(Nm?) 1091012 1086072 1115952 996029 1252653 1203 506
Kz (Nm) 2480437 2951608 2979044 2188401 2296541 2 625 069
Csz(Nsm?) 7956 10623 8065 9571 9385 7531
Cs2(Nsm?) 10989 14875 12473 15192 15807 15725
D1 (m) 2.23 2.25 2.24 2.24 2.26 2.25
D, (m) 2.46 2.46 2.46 2.46 2.46 2.46
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Table 2.6 Calculated and true vehicle properties ratios of half car model

Ratio Vehicle 1 Vehicle 2 Vehicle 3
Calculated True Calculated True Calculated True
Is / ms 5.85 5.77 5.85 5.77 5.87 5.77

Mu,1/ Ms 0.048 0.051 0.049 0.052 0.041 0.044
Mu,2/ Ms 0.068 0.067 0.099 0.099 0.068 0.066

Ksa/ ms 28.0 24.8 35.7 31.7 29.8 26.4
Ksz2/ ms 68.7 72.2 62.7 65.2 58.0 60.8
K1/ ms 97.2 111.9 105.4 1191 95.2 109.7
Ki2/ ms 220.9 210.2 286.4 281.5 254.1 240.1
Csa/ ms 0.71 0.58 1.03 0.85 0.69 0.56
Cs2/ ms 0.98 1.01 1.44 1.47 1.06 1.10

D1/ ms 0.00020  0.00015 0.00022 0.00018 0.00019 0.00014
D2/ ms 0.00022  0.00015 0.00024 0.00018 0.00021 0.00014

Ratio Vehicle 4 Vehicle 5 Vehicle 6
Calculated True Calculated True Calculated True
Is / ms 5.84 5.77 5.84 5.77 5.87 577

Mu,1/ Ms 0.041 0.043 0.044 0.048 0.037 0.041
Mu,2/ Ms 0.066 0.067 0.083 0.085 0.061 0.061

Ksa/ ms 29.1 25.7 35.3 31.5 26.3 23.5
Ks2/ ms 56.5 59.1 56.2 58.5 54.3 56.6
K1/ ms 81.3 91.4 114.0 130.5 96.2 111.8
Ki2/ ms 178.6 176.5 208.9 208.9 209.9 204.1
Csa/ ms 0.78 0.63 0.85 0.71 0.60 0.50
Cs2/ ms 1.24 1.27 1.44 1.47 1.26 1.29

D1/ ms 0.00018 0.00014 0.00021 0.00017 0.00018 0.00013
D2/ ms 0.00020  0.00014 0.00022  0.00017  0.00020 0.00013

2.4.3 Implications of noise in measurements

In this section, Additive White Gaussian Noise (AWGN) is added to allow for inaccuracy in
the acceleration and velocity measurements. Noise is added to the measurements according to
Equation (2.34) (Lyons, 2011):

Apolluted = A+ Eypise X Noise (2-34)

where Ay,ouuteq 1S the signal with noise, A is the original signal without noise, Noise is a

standard normal distribution vector with zero mean and unit standard deviation and E? is

noise

the square of the energy in the noise. The EZ ;.. is calculated from the definition of the Signal
to Noise Ratio (SNR) given by Equation (2.35):

SNR = 101l0g;o 552 (2.35)

noise
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which is the ratio of the power in the signal to the power in the noise, where var(A) is the

variance of the signal.

Here, the ‘measured’ acceleration and velocity are contaminated assuming 1% noise
(SNR=100). Figure 2.11 (a) shows the calculated profile under 1% axle of VVehicle 1 while Figure
2.11 (b) shows the calculated profiles for all six vehicles in the fleet. A detail in the 45 m and
55 m zone is shown in Figure 2.11 (c). The true profile is also shown in all figures. While the
noise clearly has an influence, the calculated profile is reasonably close to the true one. Figure
2.11 (b) shows that the profiles inferred from the population of six vehicles are similar. This is
a feature of the strategy described in Equation (2.32), namely, that similar profiles are assumed
to be more likely to be correct. Furthermore, different levels of noise are added to measurements
to study its effects. The calculated profiles are determined and analysed by Root Mean Square
Error (RMSE). The RMSE for each calculated profile under different noise are calculated using

the equation:

M
1 _
RMSE = MZ(rtrue,k - rcalculated,k)z
k=1

(2.36)

where 7y, 1 is the true profile at the k™ point, 7oqicuiacea x 1S the mean of 6 calculated profiles
at the k" point. Both are the profile under 1t axle of the half car model. RMS errors for
different noise levels are calculated using this equation and the results are shown in Figure 2.12.
It can be seen that the RMS errors increase with increasing noise level, but a reasonable level
of accuracy is maintained. It is felt by the authors that the influence of noise will be much

reduced when larger populations are considered.
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Figure 2.11 (a) Calculated profiles under 1st axle of vehicle 1 and true profile in the
presence of noise; (b) Calculated profiles under 1st axle of vehicle 1 to 6 and true profile
in the presence of noise (0 to 100 m); (c) Calculated profiles under 1st axle of vehicle 1 to

6 and true profile in the presence of noise (45 to 55m).
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Figure 2.12 RMS errors of calculated profile for different noise levels.

2.5 Conclusions and Future Work

This chapter introduces a novel method of inferring road or rail surface profiles from inertial
measurements. A new Inverse Newmark-Beta method is proposed to determine the profiles
using accelerations measured in passing vehicles. The acceleration histories are simulated here
using a vehicle/road dynamic interaction model. Sprung mass and half-car models are tested
separately. The results show that the calculated profiles are the same as the true profiles used
in the forward problem to generate the accelerations. The Inverse Newmark-Beta method is

much more efficient than optimization and allows the calculation to be completed rapidly.

The work is expanded to introduce the concept of using a fleet of vehicles to determine a profile.
Using several vehicles, the profiles can be calculated without prior knowledge of the vehicle
properties in a process that combines the Inverse Newmark-Beta method with CE optimisation.
The results show that the algorithm is successful in predicting profiles that are similar to the
true profile. The vehicle properties are inaccurate when estimated from the road profile, but the
properties ratios are accurately captured, which results in good accuracy for road profile
estimation. To process data from a vehicle fleet will require the solution of an inverse dynamics
problem, the calibration of a fleet of vehicles and the use of the database of accelerations to

determine bridge conditions in the future.

The scanning frequency used here is high and gives an accurate result. For a lower scanning
frequency, there is a risk that it could be less effective for a profile of given length, which may
reduce the accuracy of the result. The scanning frequency depends on the devices (sensors) used
in practice. It is not clear what scanning frequency is best. A frequency of 500 Hz is commonly
used for drive-by monitoring. This may represent a challenge for data storage. The accuracy

implications of different scanning frequencies should be investigated further in the future.
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Chapter 3 — Detecting Railway Bridge Damage Using

Numerically Calculated Responses from Batches of Trains

3.1 Introduction

Traditional monitoring of railway infrastructure involves on-track visual inspections or
specialist Track Recording Vehicles (TRVs). Neither approach is entirely satisfactory due to
issues of cost, safety, and speed of implementation. The vehicle-based techniques have long
been used to detect the geometrical properties of the track, such as profile and rail condition
(Weston et al., 2015, Yang et al., 2020a). Specialist TRVs are used for this purpose in
accordance with European Standard EN 13848 (2018) but are expensive and may disrupt
scheduled services. Using in-service vehicles to provide data for railway infrastructure
maintenance managers has the potential to complement or replace TRV data and has the

advantage of providing real-time information at a much-reduced cost.

Cantero and Basu (2015) propose a wavelet-based assessment methodology to detect local track
irregularities using accelerations measured in moving vehicles. A wavelet-based indicator is
proposed to facilitate recognition of deteriorated segments. OBrien et al. (2016) develop a
method to determine the longitudinal profile using bogie vertical accelerations and angular
velocities resulting from train/track dynamic interaction. The railway track profile elevations,
determined by Cross Entropy (CE) optimisation, are those that generate a vehicle response
which best fits the measurements in a railway carriage bogie. Yang et al. (2020b) develop an
effective technique to identify the track modulus, i.e., the foundation stiffness of the rails, using
the contact-point response of a moving test vehicle. It is shown that the track modulus can be

successfully identified via the first rail frequency extracted from the contact-point response.

The drive-by method is examined by field test in some research. The numerical method
developed in OBrien et al. (2016) subsequently tested in the field by OBrien et al. (2017). A
good match is achieved between the inferred longitudinal profiles and the surveyed track
profile. Wei et al. (2016) use bogie and the car body acceleration sensors to estimate track
irregularities. The acceleration signals are pre-processed with filters. Subsequently, the track
alignments are obtained by double integration of the signals. Field tests were carried out on the
Shanghai metro Line 1 to demonstrate the effectiveness of the proposed track inspection system.

Paixao et al. (2019) use a smartphone to obtain constant acceleration measurements on in-
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service trains to assess structural performance and geometrical degradation of the tracks. Cross-
correlation values were obtained between the standard deviations of the longitudinal level and
the measured vertical accelerations and are proposed as a means to identify critical situations
that affect the performance of the track.

The drive-by method of bridge health monitoring has advantages compared with the
conventional direct monitoring approach. It is mobile, economic, and efficient (Yang and Yang,
2018). Malekjafarian et al. (2015) review drive-by, also known as indirect, methods of
monitoring highway bridges. Most methods are based on the identification of dynamic
characteristics of the bridge from responses measured in the vehicle, such as natural
frequencies, mode shapes, and damping (Yang et al., 2004, Zhang et al., 2012, Gonzalez et al.,
2012). Some methods detect bridge damage directly from the interaction between the vehicle
and bridge without using the conventional structural dynamic properties. OBrien and Keenahan
(2015) use CE optimisation to determine the Apparent Profile (AP), where the displacements
recorded by the sensors are used as the inputs. The time-shifted difference in the AP is proposed
to detect bridge damage and numerical results show that it has good potential as a damage
indicator. Elhattab et al. (2016) calculate APs from on-board sensors and then subtract them to
calculate the ‘bridge displacement profile difference’ (BDPD) which is proposed as another
bridge damage indicator. Keenahan and OBrien (2018) used a Traffic Speed Deflectometer
(TSD) to detect damage in bridges. The data gathered from the TSD are post-processed and
time-shifted curvature, without pitch, is used as the damage indicator. Time-shifted curvature
is derived from the displacements and is proposed as a novel damage indicator, which removes

the influence of the road profile and all vehicle motions except for pitch.

For railway bridges, Quirke et al. (2017) detect damage through comparison of APs sensed by
the passing vehicle. The APs are calculated using the CE optimisation method that generates a
vehicle dynamic response most similar to the measured input. APs for a number of damage
scenarios are inferred and compared over time to detect damage. Fitzgerald et al. (2019) develop
a method to detect the presence of railway bridge scour using bogie acceleration measurements
from a passing train. A scour indicator is defined as the difference in average Continuous
Wavelet Transform coefficients between healthy and scoured batches of train crossings. The
result shows that this indicator is quite effective at detecting the presence of scour and its

location.

35



Chapter 3

Some field tests of railway bridge monitoring using onboard train measurements are introduced
in the following papers. Various tests have been conducted at the Bridge Deflection Test
Facility (BDTF) at the Transportation Technology Center, USA. A track deflection
measurement system (TDMS) and a track geometry measurement system (TGMS) have been
tested on different trains. They investigate the potential for using onboard technology to detect
bridge impairment or changes in bridge behaviour (Rakoczy et al., 2016). Rakoczy etal. (2017)
present simulation and field test results of a freight car and locomotive running on a railway
bridge. Simulations and tests are used to improve the onboard measurement capability of such
a system and the new configuration of accelerometers is shown to provide useful results for
bridge condition evaluations. Displacements are derived from the acceleration data. Then, the
results from different bridge conditions are compared and relative deflections calculated to
identify the change in bridge condition. Micu et al. (2022) introduce a field study of drive-by
bridge monitoring using acceleration measurements on an instrumented train. The dynamic
responses of the train signals are used to detect the existence and location of a stiffer part of the
viaduct where two spans were replaced. The results show that instrumented trains can be

successfully used to monitor bridge condition and to identify a need for repair or rehabilitation.

This chapter presents a novel method of determining AP of the track and detecting bridge
damage using batches of trains. In this context, AP is deemed to include the unloaded surface
profile and the deflections of the track under the applied train load. Firstly, an Inverse
Newmark-Beta algorithm is introduced to calculate AP from a train measurement. Following
this, the concept of using a batch of trains is introduced to find the profile, without prior
knowledge of the train masses and velocities. This is effectively a train self-calibration process,
using the train responses. Moving reference influence lines are calculated from APs of the
bridge which are shown to be a good indication of bridge behaviour and condition. A blind test
is used to validate these methods: bridge damage is calculated for simulated data provided by
an independent laboratory, without prior knowledge of the damage levels used in the

simulations.
3.2 Model Description

In this research, the vehicle is simulated crossing the track and bridge in a train—track—bridge
(TTB) dynamic system. More detailed information of TTB systems is available in (Cantero et
al., 2016). This model is used by the Norwegian team to provide simulated measured data for

the blind test. It is described briefly in this section.

36



Chapter 3

3.2.1 Vehicle model

The train is represented by the two-dimensional (2D) 4-axle railway carriage model shown in
Figure 3.1. The vehicle model includes lumped masses, rigid bars, springs and dampers. There
are 10 degrees of freedom (DOFs) in this vehicle model: vertical translation and rotation about
the centre of gravity for the car body and bogies, and vertical translation for each wheelset. The
wheels are fixed to the track with no separation being permitted. This reduces the system to 6
DOFs. In this model, each wheel is modelled with a mass (m,,). It is connected to the bogie by
a primary suspension represented by a spring (k,,) and a viscous damper (c,) in parallel. The
bogies are represented as rigid bars with mass (m;) and moment of inertia (I,,), while the main
body of the vehicle is also represented as a rigid bar with mass (m,,) and moment of inertia (7).
Springs (k) and dampers (c) represent the secondary suspensions to connect the bogies to the
main body. The distances between the car body centre of mass and the bogie pivots are L,,; and
L,,. Similarly, Ly, Ly,, Lps, Ly, are the distances between the bogie centres of mass and the
wheels. Vehicle models of this type have been used in many studies (Lei and Noda, 2002, Lou,
2007).

Figure 3.1 Two-dimensional (2D) 4-axle railway carriage model.

Assuming small rotations, a linearised system of equations of motion is adopted (Nguyen et al.,

2012) and can be expressed in matrix form:
M, ii+C,u+K,u = F (3.1)

where M,,, C, and K,, are the mass, damping and stiffness matrices of the vehicle, respectively.
The vectors i, u and u represent the vehicle accelerations, velocities, and displacements,
respectively and F contains the external forces applied to the vehicle. All matrices and vectors

are introduced in the following equations:
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u
AL (3.2)

Upz
5 r (3.3)

"oz (3.4)

( myg )
Mp1g + Kp1Tw1 + Cp1Twr + KpaTwz + Cp2Tun
mp2g + kpSrWS + CpSrvIvS + kp4rw4 + Cp4rvlv4

0 ; (3.5)

Lb11(kp17”w1 + Cp17"|;;1) — Lp12(kpaTwz + CpaTi2)

kLbZl(kp3rw3 + CpSr\/:/S) - LbZZ(kp4rw4 + Cp4r\2/4)1

M, =diag[m, my; Myz Ju Jp1 Jpzl (3.6)

38



Chapter 3

0
0

Cs1 + Cs2
—Cs1
—Cs2

Lvlcsl - LvZ Cs2

_ksl
Kpr + Ky + kg
0
_Lvlksl
Lbllkpl - Lb12kp2
0

—Cs1
Cp1 t Cpz + Cs1
0

_Lvlcsl

Lp11€p1 — Lp12Cp2

0

_ksz
0
kps + kps + ks,
vaksz
0

Lb21kp3 - Lb22kp4

—Cs2

0
Cp3 + Cpa + C5o
vacsz

0

Lp21€p3 — Lp22Cpa

Lvlksl - vaksz
_Lvlksl
vaksz
2 2
Lvl ksl + va ksz
0
0

Lvlcsl - va Cs2

_Lvlcsl

vacsz

2 2
Lvl Cs1 + LvZ Cs2

0
0

39

0

Lp11kpr — Lp12kyp:

0
0

Lb112kp1 + Lb122kp2

0

0
Lp11€p1 — Lp12Cp2
0

0

2 2
Lp11°C¢p1 + Lp12"Cp2

0

0
0

LbZlkp3 - Lb22kp4

0
0

Lb212kp3 + Lb222kp4_

0
0

Lp21Cp3 = Lp22Cpa
0
0

2 2
Lpz1"Cp3 + Lpzz"Cpal

(3.7)

(3.8)



Chapter 4

3.2.2 Track model

The track is modelled as a beam supported on spaced sprung mass systems (Figure 3.2)
corresponding to the railway sleepers. The rail is modelled by beam elements in a Finite
Element framework. In this three-layer sprung mass system, the masses represent the sleeper,
mg and ballast, mg,. The various layers are connected by pad, ballast and sub-ballast, spring
and damping systems with respective properties: kp and cp; kg, and cg4; and kgg and cgg. A
surface profile is included on the track. Similar models have been used by other researchers (Lu
et al., 2008, Zhai et al., 2004).
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Figure 3.2 Track model.
3.2.3 Bridge model

The bridge/culvert is modelled using a Finite Element discretization (Figure 3.3). Behind the
walls (abutments), it is filled with soil which is represented by an additional layer of springs
with stiffness kg,;. On top of the beam there is a track which is also modelled as a beam (of
much less flexural rigidity). The track beam is supported on a sprung mass system which

represents pads, sleepers and ballast.

The vehicle and track/bridge model are coupled together via the wheel/rail interaction, i.e., the
DOF’s of the wheels and the DOF’s of the rail are combined. Each of the subsystems can be
defined by a set of equations of motion. The coupling of the subsystems is addressed by the
coupled equations of motion of the complete model. The equations of motion are solved using

the Newmark-Beta numerical integration scheme.
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Figure 3.3 (a) Elevation of track-bridge model; (b) Detail of track-bridge model of
Figure 3.3 (a).

3.3 Inverse Newmark-Beta Method to Calculate AP

As shown in previous work, for a road or a track on infinitely rigid supports, the profile can be
determined by CE optimization using bogie vertical accelerations and angular velocities
(OBrien et al., 2016). This approach is shown to be effective but computationally intensive and
therefore impractical for kilometers of track data. In Chapter 2, the candidate proposes a much
more efficient Inverse Newmark-Beta integration process to calculate the road profile using a
half car model. It is also used to calculate track AP, as introduced in Appendix A. The Inverse
Newmark-Beta concept is extended here from the simple half-car model introduced in Chapter

2 to a complex 4-axle railway carriage model which is closer to a real train.
The standard Newmark-Beta integration scheme is used to calculate the accelerations,

velocities and displacements in a vehicle, {ii}, {u} and {u} due to a specified vehicle excitation

(e.g., surface profile), i.e., to find {ii} according to Equation (3.1).
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The Inverse Newmark-Beta concept uses measured accelerations and rates of rotation to find
the excitation forces or the surface profile that generates them. In the standard Newmark-Beta

integration scheme, the acceleration, {ii} can be calculated from {u}:
tlegnr = Wepar — UdQo — Al — azily (3.9)
In the inverse problem, the displacement, {u} can be determined from measured acceleration:
Uryar = (Ugpar + a0 + azli)/ag + ug (3.10)

where a,, a, and a;, are integration constants of the Newmark-Beta method.

For the 4-axle car model, accelerations and rates of rotation on bogies, ii, and 8,, are known
inputs. Other parameters, w1, u,, 6, and 6, of the bogies can be calculated from the known
inputs according to the inverse Newmark-Beta concept. Then, using the equations of motion of
the main body, the displacement and rotation of the carriage (u, and 6,,) can be calculated.
Accelerations and velocities of the body, ii,,1,, 8,,6, can be calculated from u, and 6,,.
Therefore, all the terms on the left side of Equation (3.1) are known and on the right side of
Equation (3.1), F can be found. Finally, the AP that excited the vehicle and caused the
accelerations, r,, can be determined by solving Equation (3.5). Details of this processes are

shown in the Appendix B.

Here, a 100 m railway track with a profile and a 4-axle railway carriage model vehicle of known
properties, are used to generate the bogie vertical accelerations and angular velocities. The
vehicle properties and speed are shown in Table 3.1 (Iwnicki, 1998). These signals are then
taken as inputs and used to back-calculate the AP using the Inverse Newmark-Beta method.
The calculated results are compared with the original ‘true’ AP in Figure 3.4. The calculated
result is from the first axle of this train. The calculated AP has similar local features to the ‘true’
AP but is displaced upwards by a “drift’ effect that results from an accumulation of numerical
inaccuracies. As the drift effect is very low frequency, it has a negligible effect on the train/track
dynamic interaction. Changes in pseudo-static component of the AP, as a result of bridge
deflection, are normally also in the low frequency range. However, as bridge deflection is zero
at the supports, drift in the signal as the vehicle crosses the bridge can be removed using a linear

correction or filter.
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Figure 3.4 ‘True’ AP and that calculated AP using the Inverse Newmark-Beta

equations.

Table 3.1 Vehicle properties used to calculate the AP (Iwnicki, 1998).

Property Symbol Unit Value
Carriage body mass m, kg 32.4x10°
Carriage body moment of inertia I, kg m? 1.99x10°
Speed v m/s 33
Bogie mass my, kg 2,615
Bogie moment of inertia I kg m? 1,476
Wheelset mass m,, kg 1,813
Primary suspension stiffness k, N/m 2.4x10°
Secondary suspension stiffness k N/m 0.86x10°
Primary suspension damping Cp N s/m 7x10°
Secondary suspension damping Cs N s/m 16x10°
Distance b.etween bogie centre of L, m 128
gravity and wheelsets
Distance between main body L, m 9.5

centre of gravity and bogies

3.4 Monitoring Track Using Self-Calibrating Batches of Vehicles

In the previous section, it is shown that the AP can be calculated from measured vertical
accelerations and angular velocities if the properties of the train are known. Trains often make
multiple runs on the same route. Hence, an instrumented carriage will provide data from
multiple runs for which some ‘global’ vehicle properties such as spring stiffnesses and damping
coefficients are the same but other ‘local’ properties, such as speed, mass and moment of inertia

are not. In this study, the global properties are assumed to have been determined in a global
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calibration exercise to some degree of accuracy. A novel process is presented for calculation of
the local properties, which are taken to be different for every run of the train.

As first proposed in Chapter 2 for 2-axle vehicles, batches of runs of the same vehicle will be
used to calculate profiles, and to determine the local properties. However, in this case, unlike
Chapter 2, the track is supported on springs. The concept of Chapter 2 is that every vehicle is
subjected to the same (rigidly supported) surface profile. Hence, whatever the vehicle properties,
processing its measurements should give the same surface profile as all other runs. Chapter 2
uses this phenomenon to self-calibrate the system, finding the surface profile and the properties
for every vehicle in the batch. CE optimization is used to find those train properties that imply

the same profile for all runs in the batch.

In this chapter, the fleet monitoring concept is extended to 4-axle railway carriages passing over
tracks on spring supports. As the surface profile is no longer on rigid supports, the track deflects
under the weight of the train. From the vehicle’s perspective, it is excited by an AP made up of
the unloaded surface profile plus deflection components due to deformation of the track under
its own weight. The hypothesis is that the system can be calibrated by forcing all calculated

APs to be the same (for all trains).
3.4.1 Methodology

Like the Genetic Algorithm, CE is a population-based method of optimization which considers
multiple feasible solutions in each generation (or iteration) of the process (Rubinstein and
Kroese, 2004). Firstly, a population of trial values of the vehicle parameter vector is generated.
For calibration of a particular batch, global train-specific parameters (such as vehicle
stiffnesses) are assumed to be known and only local run-specific parameters are needed. In this
case, the local parameter vector has three components: carriage mass (m,), moment of inertia
(I,) and speed (v).

In the CE process, a population of parameter vectors is randomly generated from a normal
distribution using Monte Carlo simulation. Using the generated masses, moments of inertia,
speeds and known global properties, the AP is calculated from the bogie vertical accelerations
and angular velocities using the Inverse Newmark-Beta method. This process is repeated for all
vehicles so the total number of unknown local properties in the vector is 3np, where ny is the

number of runs in the batch.
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In the first generation of solutions, the ny generated APs will not be correct as the (run-specific)
train properties will not generally be correct. However, better trials of the 3n, parameters can
be identified as those for which the calculated APs are closest to each other. Thus, an ‘elite set’
of the trials with the best property vectors can be identified using an objective function that
captures similar APs within the batch. While more sophisticated measures of ‘similarity’ of
APs are possible, a simple approach is adopted here, and the objective function is defined as
the sum of squared differences between each AP and the mean of all calculated APs. Hence,
the objective function for the j*"* trial solution, 0;, is the sum of squared differences of the AP

generated by this trial vector of 3n, properties and the mean AP generated by all vehicles.

np
_ 2
0; = Z Z Z(Th,i,j,k — k)
h i=1 k

(3.11)
where 7y, ; ; . is the k™" AP elevation in the j*" trial under the h*"* axle of the i*"* vehicle in the

batch, and 7, ; . is mean AP in the j*" trial under the A" axle of the n,, vehicles of the batch:
— 1
Thjk = n_bz?jl Th,ijk (3.12)

As AP elevations are defined in space and these calculations are processed at fixed time
intervals arising from the scan rate of the data, there needs to be a conversion to allow for the
different speed of each run. For this purpose, the mean speed for all runs is used as the reference
and the data for each individual run is interpolated to find the AP elevations corresponding to

this reference speed.

In the CE optimization, the elite set is defined as the 10% of trial solutions that have the least
values for the objective function. The vector mean and standard deviation of this elite set, pu and
o are calculated and used as the basis to generate the next generation of trial vehicle properties
by Monte Carlo simulation. This process is repeated until convergence. A number of restarts of
the process are used to avoid premature convergence (Botev and Kroese, 2004). In each restart,

the vector mean is retained but the standard deviation is reset to its initial value.

3.5 Bridge Health Monitoring

When trains are traveling on track only (off-bridge), their data can be used to monitor AP which

is a valuable measure of track condition. In addition, as was shown above, off-bridge data can
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be used to determine local train dynamic properties. When a train crosses a bridge, it is subject
to another AP, this time made up of a combination of the track profile, track deformation and
elements of bridge deflection. Because the AP includes bridge deflections, it contains

information about the bridge response to applied load and ultimately about the bridge condition.
3.5.1 Moving reference influence line (MR-IL) calculation

Moving reference deflections are the deflections under a moving instrumented axle. They are
affected by both bridge and vehicle properties and, as such, are different for every vehicle
passage. To provide information about bridge condition, this data needs to be transformed into
a form that is independent of the vehicle. The influence line (IL) of a bridge is the response to

a unit moving load and is a useful descriptor of structural behaviour, independent of any vehicle

property.

OBrien et al. (2006) describe a ‘Matrix Method’ to determine the IL from a measured multi-
wheel response. This method is very effective at finding the IL directly from strain
measurements. In this section, a method is proposed to find the moving reference influence line
(MR-IL) for deflection under the leading axle of the railway carriage. In conventional structural
analysis, an influence line describes the response at a fixed point on a bridge. By its nature,
MR-IL is more complex as the point of reference is no longer fixed and the load and response
may be at different relative locations. The ‘general” MR-IL function, J*(x, y), is defined here as
the response at a moving point, x, to a unit load at any point, y — see Figure 3.5. A special case
is when the load and the measurement are at the same point (X =y). This response at a moving
point, X, to a unit load at that point, is referred to here as the ‘fundamental”’ MR-IL function,
JO(x). It can be seen that the fundamental function is a special case of the general function: J°(x)
= JY(x, x). This section describes a methodology which extends the Matrix Method of OBrien

et al. (2006) to find the fundamental MR-IL directly from moving reference deflection data.
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Figure 3.5 Deflection responses to moving unit load: (a) Response at x to load at x; (b)

Response at x to load at .
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3.5.2 Methodology

The MR-IL derivation process is described for the simplest case of a 2-axle vehicle for which
the 1 and 2" axle weights, Waand Wg, are known. The moving reference deflection under
Axle A is:

4 =W, J%(x) + WJi(x,x —d) (3.13)

where d is the axle spacing. Similarly, the deflection under Axle B is:

Sy = Wt (x — d, x) + WgJ%(x — d) (3.14)

According to Betti’s Reciprocal Theorem, the deflection at x due to a unit load at (x - d)

equals the deflection at (x — d) due to a load at x, i.e.,
JYe,x—d) = JH(x —d, x) (3.15)
Hence, the equations above can be manipulated to remove all but the fundamental, J° terms:
Wy, —Wgdg = W2 JO(x) — W2]°(x — d) (3.16)

Using Equation (3.16), the fundamental MR-IL, J°(x), can be found from the moving reference
deflections, &, and 6z using an approach similar to the Matrix Method proposed by OBrien et
al. (2006). The process consists of finding the influence line ordinates that best fit the
corresponding measured values. An error function is defined as the sum of the squared
differences between the weighted measured deflections (left hand side of Equation. (3.16)) and
the corresponding theoretical values (right hand side of Equation. (3.16)). Expressing the data
in terms of scan number, k, instead of distance, x, gives:

2
E = Y5 {Wis,, — Webpi — W7 IO + WEIP_.) (317)

Ak

where K is the total number of scans, and c is the number of scans corresponding to the distance
between the two axles, d. The best fit fundamental MR-IL is that which minimizes E. The
minimum error function is found by taking partial derivatives with respect to each influence
ordinate, J , and setting them to zero. There are K scans for which at least one axle is on the
bridge and, for a 2-axle vehicle, K — ¢ scans corresponding to the bridge length. Hence, there
are K — ¢ unknown influence ordinate values. Setting all partial derivatives to zero results in

system of K — ¢ simultaneous equations:

[A1U°} = {b} (3.18)
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Here, {J°} is the fundamental MR-IL vector and [A] is a sparse symmetric matrix consisting of

axle weight terms:

[a1,1 0 o A114c 0
a; 0 Aivc O
Al = Symmetric ) Ak —2¢ K-2¢ 0 Ag—2cK—c (3.19)
0
Ag—c,k—c
where the main diagonal elements are:
Qi = w,* + wp (3.20)
and the upper triangular elements are given by:
Qiivc = —WEiWE,i+c<K-c (3.21)

The right-hand side of this system of equations consists of a vector, {b} with components made

up of axle weight and measured MR deflection terms:

( Wi aq — WaW§Sacar + W5 Sacin )
W, Sa2 = WaWE Spesz + W5 Og c42
WX §A,c - VVAVVB2 é‘A,c+c + VVB3 5B,c+c

3 2 2 3
b} = | W5 Opce1 = WiWpdy ) — WaWp a1 + W5,y \ (3.22)
W3 Spx—2c — WilWs O ke~ WaW§ Sae—c + W5 O ke
W3 S k-2c+1 = WiWp Sa—2c41 + W5 Og k—ci1
\ Wi Spk-c = WiWpSp—c + W5 O k J

The fundamental MR-IL vector, {J°}, is found by solving Equation (3.18):

U°} =141 {b} (3.23)

For a batch of measurements taken from 2-axle vehicles with the same inter-axle spacings for

each run, there are only two axle spacings of relevance, zero and the axle spacing, d. Thus, all

the information necessary to calculate the responses of a bridge to the vehicles is contained in

two cross-sections through the general 2-dimensional MR-IL function: y = 0 (fundamental MR-

IL) and y = d. Having found the fundamental MR-IL function using the above equations, it
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should be possible to find the other function, corresponding to y = d, using a similar approach.
However, only the fundamental MR-IL function is used here as it tends to have a better signal-

to-noise ratio and is therefore believed to be a more robust indicator of bridge condition.
3.5.3 Preliminary results with a 2-axle half-car model

To illustrate the fleet monitoring concept for a bridge, the simple 2-axle 2-degree-of-freedom
half-car and track beam with a smooth profile model shown in Figure 3.6, is simulated in
MATLAB. This track beam is modelled as a simply supported beam using a Finite Element
discretization. Vehicles are simulated crossing this beam and, for each run, moving reference
deflections are calculated under each of the two axles. Using the equations described above,
fundamental MR-ILs are calculated from the moving reference deflections. Here, a fleet of 20
vehicles is generated using Monte Carlo simulation with different body masses, m, and body
moment of inertias, I;. The vehicle properties are shown in Table 3.2. The length of the beam
is 20 m, and the second moment of area is 0.33 m*. The Young’s modulus is 35x10° N/m? and
the mass per unit length is 9.610° kg/m. The 1% natural frequency vibration is 4.31 Hz. These
vehicle and bridge property values are based on the values gathered from Fitzgerald et al. (2019)
and lwnicki (1998). The process is repeated for three different speeds, using the same batch of
vehicles in each case. The calculated fundamental MR-ILs from 20 vehicle crossings are

compared with the ‘true’ MR-ILs calculated from a simple static analysis, in Figure 3.7.

Table 3.2 Vehicle properties used to calculate MR-IL.

: Standard
Property Type Symbol Unit  Value Mean deviation
Sprung mass Local mg kg Varied 32x10° 3.2x108
Sprung mass moment of kg Varied
inertia Local Is m?  61.6m,
Spring stiffness Global K;,K, N/m 0.73x<10°
. N 3
Damping Global (,,C, s/m 7.5%10
Distance of axle to body
Global D,,D, m 8.5

centre of gravity
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Figure 3.6 Model of 2-degree-of-freedom half-car and beam: (a) Overview; (b) Detail of
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Figure 3.7 True and calculated fundamental MR-ILs for bridge and vehicle at different

speeds: (a) 2 m/s; (b) 10 m/s; (c) 20 m/s.

For a speed of 2 m/s — effectively pseudo-static — the calculated fundamental MR-IL closely

matches the corresponding true MR-IL. The dashed curve is the true MR-IL, i.e., the deflection

at x due to a unit load at x, calculated using the Unit Load Theorem (a Corollary of the Theorem

of Virtual Work). As speed increases, the influence of vehicle/bridge dynamic interaction

becomes evident, with a significant divergence from the true MR-IL. A Fast Fourier Transform

(FFT) on the MR-IL from the first vehicle at 20 m/s shows a dominant peak at 4.33 Hz, very
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close to the 1st fundamental bridge frequency (4.31 Hz). The dynamics of the bridge clearly

has an influence on the calculated results.

Two bridge states with different levels of global damage are simulated, with the resulting
moving reference deflections and MR-ILs. The global damage event is represented as a uniform
loss in the flexural rigidity of the whole beam as might occur due to uniform corrosion. The
overall losses of flexural rigidity are 5%, 10%. Batches of 20 vehicles are generated with the
same property values in Table 3.2 and simulated crossing the bridge in its healthy state and in
the two damaged states. Two speeds are used separately: 10 m/s and 20 m/s. The mean
calculated MR-ILs of the three bridge states are shown in Figure 3.8. The mean of the 20 mid-
span MR-IL values, denoted [T, is chosen as an indicator of bridge damage. It is noted that MR-
IL is inversely proportional to the flexural rigidity, so inversely proportional to damage. For
this reason, Damage Indicator 1 is defined by Equation (3.24). The area under the mean

calculated MR-ILs (denoted IL*) is used as Damage Indicator 2.

1, \P -
Damage Indicator 1 (D1) = 100{1 - %} =100{1 - 22}

v (I
; _ (1/IL*)D _ aLHH
Damage Indicator 2 (D2) = 100 {1 G T 100{1 - (m)D} (3.24)

Healthy state
— — — - 5% damaged state
10% damaged state
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Figure 3.8 Mean calculated MR-ILs with different damage at different speed: (a) 10 m/s;
(b) 20 m/s.
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The calculated damage indicator values are shown in Table 3.3. For this simple example, there
is a clear strong correlation between the damage indicators and the true loss of flexural rigidity.
For the high speed case, Damage Indicator 1 is less accurate because of dynamic effects
though it can show the damage state. The mean calculated MR-ILs are passed through a finite-
impulse-response (FIR) low pass filter to remove the oscillation at the bridge frequency (4.31
Hz). FIR filter is attractive because it is inherently stable. It could remove the high frequency
content of the MR-ILs. Other filters may be appropriate for other examples; the filters used here
were effective for this case. For other cases, it may, for example, be necessary to remove records
at particular speeds. Damage Indicator 2 is an effective way to detect bridge damage, even
with dynamic effects. In fact, bridge first natural frequency and other frequencies may influence
the calculated MR-IL values. Nevertheless, this indicator can be used to detect the level of

damage with reasonably accuracy.

Table 3.3 Inferred damaged indicators and true damage levels.

Tru?eci/irrage 0% 5% 10%

10 m/ Damage Indicator 1 0% 5% 11%
m/s

Damage Indicator 2 0% 5% 10%

Damage Indicator 1 with 0 0 0
Calculated filter 0% % 12%
damage level 20m/s Damage Indf;lct(;for 1 without 0% 79 15%
Damage Indicator 2 0% 5% 10%

3.6 Blind Tests

The concept of monitoring railway bridge condition using batches of instrumented trains was
assessed in a series of blind tests. A team from the Norwegian University of Science and
Technology (NTNU) used the advanced model described in Section 3.2 to simulate batches of
train carriages crossing a railway track and a culvert. The vertical accelerations and angular
velocities from two bogies were generated by NTNU for various cases of the bridge condition.
University College Dublin (UCD) analysed these signals to calculate the AP, determine the

train properties and detect bridge damage level using the methods described above.

In these tests, the ‘off-bridge’ length of track used for calibration was 120 m (unknown to UCD)
and the length of the bridge was 10.2 m. Data were analysed for seven different bridge damage

states, including one perfectly healthy state. Global damage was simulated but, for each
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damaged bridge, there were small random differences (5% standard deviation) between element
flexural rigidities (stiffnesses), reflecting the natural variation in a corroded bridge. For each
state, data from 50 different train journeys were used. In each run, all properties were kept
constant except for the local properties of mass (m,,) moment of inertia (1,,) and speed (v) (Table
3.4). For each batch of runs, NTNU used Monte Carlo simulation to randomly generate these
properties for each of the 50 vehicles in the fleet. The individual vehicle local property values
were not made known to UCD but the means were provided, on the basis that these mean values
are repeatable and can be determined for a particular site. UCD was provided with the
approximate speed (v) which was a little different from the true value (to represent inaccuracy
in a Global Positioning System (GPS) measurement). NTNU applied random noise (5%
standard deviation) to other global vehicle properties when generating the signals to represent
inaccuracy resulting from a global calibration process. Reference global property values were
used by UCD which is shown in Table 3.4.

Table 3.4 Carriage vehicle properties in the blind test.

Value before

Property Type Symbol Unit random noise
Carriage body mass Local m, kg Varied
Carriage body moment of inertia  Local I, kg m? Varied
Speed Local v m/s Varied
Bogie mass Global m, kg 2,615
Bogie moment of inertia Global I kg m? 1,476
Wheelset mass Global m,, kg 1,813
Primary suspension stiffness Global k, N/m 2.4x10°
Secondary suspension stiffness  Global k N/m 0.86x10°
Primary suspension damping Global Cp N s/m 7x10°
Secondary suspension damping  Global Cs N s/m 16x103

Distance between bogie centre
of gravity and wheelsets
Distance between main body
centre of gravity and bogies

Global L, m 1.28

Global L, m 9.5

For railway track, variable stiffness at the ballast and sub-ballast levels were generated
randomly using a ‘Gaussian process’ algorithm which allows small incremental changes. To
confirm that the method is not sensitive to the profile assumed, the entire process (healthy + 6
damage states) was repeated for two different track profiles, making a total of 14 batches of
runs. To help establish the baseline, the two batches for which the bridge was healthy, were

identified to UCD as such. To separate the track and bridge parts, the starting point of the bridge
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in each run was provided. For application in the field, it is proposed that the location of the
bridge relative to the data can be estimated with a GPS and can be found more accurately using
an optimisation algorithm. In this blind test, UCD used the 4-axle railway carriage model and
the 2-axle 2-degree-of-freedom half-car model to analyse these signals.

3.6.1 Results with 4-axle railway carriage model

The 4-axle railway carriage model used by UCD (Figure 3.1) is the same as that used by NTNU.
Hence, the validation in this subsection does not address differences in the models. It does show
the ability of the proposed approach to infer model parameter values from the simulated values
provided by NTNU to UCD and an insensitivity to some potential sources of inaccuracy
(vehicle global property values and bridge flexural rigidities).

Using the off-bridge data and the fleet monitoring concept, the APs and vehicle local properties
(masses, moments of inertia, speeds) were calculated from the vertical accelerations and angular
velocities. Figure 3.9 shows the calculated AP from one run under the 1% axle over Profile 1. It
is compared to the true AP, provided subsequently by NTNU. This result is for the bridge in
State 7 (healthy) but this has no effect as the data is off-bridge. It shows an obvious difference
between calculated APs and true APs in the initial value which generates a constant difference
in the whole signal. After shifting, it shows a very close match between calculated APs after
shifting and true APs. Figure 3.10 shows the calculated values for the local vehicle properties
for each of the 50 trains in the batch for Profile 1, State 7. The calculated vehicle properties are
generally close to the true values, with some small differences for particular vehicles. As can
be seen in Figure 3.10(c), the speeds given by NTNU are sometimes significantly different from

the true values (e.g., Run 2), but the calculated speeds are quite accurate.
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Figure 3.9 Calculated AP, calculated AP after shifting and true AP (off-bridge) for

Profile 1, State 7 and Run No. 1.
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Figure 3.10 Calculated vehicle masses for each of the 50 runs in the batch, running on

Profile 1, State 7: (a) vehicle masses; (b) vehicle moments of inertia; (c) vehicle speeds
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The vehicle properties calculated using the off-bridge data, are used to find the APs for the
section of track on the bridge. For each run, the APs under each of the four wheels are found
using the Inverse Newmark-Beta method from the signals provided by NTNU. The calculated
AP of the bridge from one run over Profile 1, State 7, is shown in Figure 3.11. In this figure,
the calculated AP is very close to the true one after shifting. The fundamental MR-IL of the
first bogie is calculated from the APs under these two wheels using the method described in
Section 3.5. Figure 3.12 is a box plot showing the mid-span MR-IL values for Profile 1, plotted
against the true damage level. Each box represents data from 50 mid-span MR-IL values and
one bridge state. Here the State 7 is the healthy bridge and has the smallest MR-IL values. On
each box, the central mark indicates the median, and the bottom and top edges of the box
indicate the 25" and 75" percentiles, respectively. The whiskers extend to the most extreme
data points not considered outliers, and the outliers are plotted individually using the ‘+’
symbol. The box plot shows that the mid-span MR-IL values provide good repeatability, with
obvious differences between damage states. The mean of the 50 mid-span MR-IL values and
the area under the mean calculated MR-IL are used to calculate the bridge damage indicator
defined in Equation (3.24).
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e True bridge and ballast deflection
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Figure 3.11 The true and calculated AP of the bridge from one run over Profile 1, State
7.

56



Chapter 4

= x10~ 6

T F I '
X
= +
£ -3 T -
P H = ! L
g_32 1 1 Iﬁlél |
S -34 £ L Lo ﬁ E
= +
v —36 L 1
=

—_
w

0 3 5 7 8 1"
True damage level (%)

Figure 3.12 Box plot of mid-span fundamental MR-IL values of carriage model for
Profile 1.

The corresponding true levels of damage, reported by NTNU, are defined as the percentage
losses in flexural rigidity. The numerical results are presented in Table 3.6. All damage states
were identified, and the level of damage was accurately found, without prior knowledge of the
true states. There is little sensitivity to the profile used in the simulations. Further, there is little

difference in the effectiveness of Damage Indicator 1 and Damage Indicator 2.
3.6.2 Results with 2-axle half-car

UCD also used a 2-axle 2-degree-of-freedom half-car to represent the bogie of the NTNU 4-
axle railway carriage model. The objective was to determine if the method is effective when
the numerical model (of UCD) is simpler than the true behaviour (simulated by NTNU). It is
attempted to create a situation where, as in real life, the model used in the damage calculation
was less sophisticated than the model (or the reality) used to generate the input data to the
algorithm. The 2-axle model has the capacity to capture the bouncing and rocking motions of
the bogie but not the carriage rocking motion that transfers load between bogies. For a 2-axle
half-car, given the vertical accelerations and angular velocities, APs under each axle can be
calculated using the Inverse Newmark-Beta integration scheme. Here, all the vehicle properties
relate to the bogie and are global properties. The property values, before the application of
random noise, are shown in Table 3.5. Using the calculated APs under the two axles, the MR-
IL of each run are determined using the method described in Section 3.5. To calculate the MR-
ILs, the 1% and 2" axle weights, Wa and Wsg, are determined from carriage mass, m,,, bogie
mass, m;, and wheelset mass, m,,. However, in this case, the individual carriage mass, m,,, for

each run is not given. The mean value of m,, is used to calculate axle weights.
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Table 3.5 Half car vehicle properties in the blind test.

Corresponding

Property Symbol Unit property in 4-axle Value
railway carriage model
Sprung mass mg kg my, 2,615

Sprung mass

moment of inertia Is kg m* by 1476
Spring stiffness K, K, N/m K, 2.4x10°
Damping Cy, C, N s/m Cp 7x10°
Distance of axle
to body centre of Dy, D, m Ly 1.28
gravity

A box plot showing the mid-span MR-IL values for Profile 1 is plotted in Figure 3.13. For this
calculation, there is considerably more variability in the damage indicators for individual runs,
relative to the differences due to damage. However, the calculated damage levels still compare

well with the corresponding true levels, as shown in Table 3.6.

Table 3.6 Inferred and true damage levels

Bridge state No. 1 2 3 4 5 6 7
D1 3% 12% 9% 6% 4% 7% 0%
4-axle Profile 1
railway D2 4% 14% 11% 7% 5% 8% 0%
carriage D1 5% 11% 9% 7% 4% 7% 0%
model Profile 2
D2 5% 12% 10% 7% 5% 7% 0%
D1 4% 10% 9% 4% 2% 6% 0%
Profile 1
2_axle half- D2 5% 11% 10% 4% 3% 6% 0%
car D1 3% 10% 8% 6% 5% 6% 0%
Profile 2
D2 2% 9% 7% 5% 3% 6% 0%
True damage level 3% 13% 11% 7% 5% 8% 0%

*D1 means Damage Indicator 1 and D2 means Damage Indicator 2
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Figure 3.13 Box plot of mid-span fundamental MR-IL values of half-car model for
Profile 1.

3.7 Conclusions

This chapter presents a numerical investigation of a novel method to determine AP and detect
bridge damage using bogie vertical accelerations and angular velocities measured in batches of
passing trains. Firstly, an Inverse Newmark-Beta method is developed to calculate the AP of
the railway track using train measurements. A 4-axle railway carriage and train/track/bridge
dynamic interaction model is used here to generate bogie vertical accelerations and angular
velocities, the simulated measurements. The result shows that the calculated AP is same as the
‘true’ AP and this method is efficient. Combining the Inverse Newmark-Beta method with CE
optimisation, the APs of the track and vehicle properties can be calculated accurately using

batches of trains.

The work is expanded to introduce a new method to determine the moving reference influence
line from moving reference deflections. A 2-axle half- car and track beam model is tested with
different bridge damage. The results show the moving reference influence line is a good

indicator of the bridge damage level.

Finally, the results are validated in a blind test with an independent research group. For this, the
analysis is carried out using the same 4-axle railway carriage model that generated the data and
a simpler 2-axle half-car. For both cases, the moving reference influence lines are determined
using measurements from train. And the damage levels of the bridge are inferred by the
calculated moving reference influence lines with very good accuracy. A culvert model is used

in the blind test and a simply supported bridge model is also tested in Section 3.5.3. This method
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works well for these two bridge models. A wider range of bridge models should be investigated

in future work.

The idea of the fleet monitoring concept is developed in this chapter. As it will monitor the
bridge through time, it will average out the effects through a variety of environmental
conditions, including temperature. This mitigates against ‘contamination’ by changes in
environmental conditions. The fleet monitoring concept has the potential to monitor bridges by
combining drive-by data from a large number of in-service trains. To analyse large amounts of
data, the fleet monitoring concept may be further developed using Machine Learning strategies.
A passenger carriage is simulated here. It is expected that using freight carriages with one level
of suspension would tend to improve the accuracy of the calculated AP. The train used in this
chapter is modelled simply as a 2D model. Further work is needed by to extend this to a 3D
train model and to allow for non-linearity in the vehicle. Ultimately, field testing will be needed

to validate the concept.
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Chapter 4 — A Bayesian Approach to the Estimation of
Road Profile and Bridge Damage from a Fleet Passing

Vehicle Measurements

4.1 Introduction

The monitoring of road and bridge damage is important in minimizing unscheduled disruptions
to the transportation network. Traditional visual inspection methods can work well but are
costly and time-consuming. As an alternative, a ‘drive-by’ method of damage detection has
been proposed by Yang et al. (2004), Yang and Lin (2005) and has developed significantly in
recent year. This method uses inertial measurements from passing vehicles to provide
information on infrastructure health. Gonzalez et al. (2008) propose a method to estimate road
condition using vehicle-mounted accelerometers. Road profiles can be classified using the
relationship between the power spectral densities of road surface and vehicle accelerations via
a transfer function. Although a drawback is that the profile elevations cannot be determined.
Harris et al. (2010) determine the profile heights from observed responses in a known vehicle
using a combinatorial optimisation technique. The estimated heights are found to provide a very
good fit to the true values. Chapter 2 proposes a novel Inverse Newmark-Beta method to
calculate the profile from vehicle accelerations directly, where the vehicle properties are known.
A vehicle fleet monitoring concept is also introduced to calculate profiles from the accelerations
of a fleet of vehicles without prior knowledge of their properties. Here, Inverse Newmark-Beta
method and a Cross Entropy optimisation technique are used together and the road profile is
determined with a high degree of accuracy. It is becoming increasingly common for vehicles to
be instrumented with sensors, including accelerometers and it seems reasonable to assume that,
in the medium or long term, this data can be accessed for road and bridge management purposes.
Further, the fifth generation (5G) communications technology, that has been recently developed,
allows massive simultaneous connections, even under high mobility situations or densely
populated areas (Guevara and Auat Cheein, 2020). This makes it possible to collect large

amounts of data from a fleet of vehicles in real time.

Most research to date in the area of ‘drive-by’ bridge condition monitoring, uses measurements

from passing vehicles to identify dynamic characteristics such as natural frequency (Yang etal.,

2004), mode shapes (Zhang et al., 2012) or damping (Gonzalez et al., 2012). Other damage

detection techniques have been proposed without finding the conventional dynamic properties
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of the bridge (Yang et al., 2020a, Malekjafarian et al., 2015). OBrien et al. (2014) apply moving

force identification theory in order to identify the dynamic forces between the vehicle and he
bridge from the vehicle response. A new algorithm is also developed to identify bridge stiffness
which is generally well correlated with bridge damage. OBrien and Keenahan (2015) use a
traffic speed deflectometer (TSD) vehicle model to generate simulated measurements. The data
gathered is used in an adapted Cross Entropy (CE) optimisation procedure to infer the apparent
profile (AP) of the bridge, i.e., the true profile plus components of bridge deflection under the
vehicle. The time shifted difference in apparent profiles is used to detect bridge damage even
for low damage levels. It requires extremely accurate measurements due to the very limited
time window when the vehicle is interacting with the bridge. Li et al. (2020) propose a new
two-step method for bridge damage identification from the response of a passing vehicle. Firstly,
values of road roughness are calculated from the vehicle responses using a dual Kalman filter
(DKF). Then, bridge damage is identified based on an interaction force sensitivity analysis with

Tikhonov regularization.

Some researchers use smartphones in passing vehicles as sensors to monitor transportation
infrastructure. Souza et al. (2018) develop a new system to evaluate road pavement condition
using smartphone data. These smartphone sensors can measure the vehicle vibration which can
be used to classify the road quality. Zhao et al. (2019) estimate the road profile using vehicle
responses measured by smartphones. The vehicle is modelled as a half car and it is suggested
that its parameters can be determined by a genetic algorithm using its responses when passing
over a bump of known size. With the calculated vehicle parameters, an augmented Kalman
filter is used to estimate the road profile. The method provides good results when validated by
experiments. Wu et al. (2020) propose a method to identify potholes in road surfaces using
smartphones with accelerometers. Machine-learning models can extract features from
acceleration signals and used to identify potholes. Mei et al. (2020) present a novel system for
transportation infrastructure monitoring using smartphone sensors in passing vehicles. They
propose the use of vibration data collected from a large number of smartphones in moving
vehicles to monitor bridges. The results show that the presence of damage can be identified.
Road deformation is also shown to be measurable using gyroscopes in smartphones in a series
of laboratory experiments. Finally, road surface condition is assessed using a GoPro sports
camera. Though these methods can monitor transportation infrastructure in a low cost and
efficient way, the interaction between the smart phone and its owner seems likely to influence

the accuracy of the results.
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In Chapter 2, the results are found to be sensitive to noise. In this chapter, a Bayesian approach
is introduced to reduce the influence of noise. The Bayesian approach is used to determine the
road profile and bridge damage. Wilson et al. (2006) use a Bayesian statistical inference
algorithm to update the distributions of multiple parameters in a fleet of vehicles, using prior
assumed distributions and a set of observed dynamic tyre forces from a ‘true’ fleet of simulated
vehicles. It is shown that the fitted distributions, obtained from the Bayesian statistical inference,

yield very good agreement with the true distributions.

In this chapter, the road profile is determined with accelerations from a simulated fleet of
passing vehicle accelerations, using a Bayesian approach. The vehicle properties, normalized
with respect to sprung mass, can be found at the same time. Then, the Bayesian approach is
used again to solve the bridge problem. Bearing damage is found to be detectable. Also, the
bridge properties and vehicle sprung masses can be calculated. The method is also able to detect
local damage, simulated as a crack in the bridge. The results show that the level and the
locations of the damage can be determined by this method. Fleet monitoring used in this chapter

is incredibly powerful due to the potentially very large quantity of measurements involved.
4.2 Numerical Modelling

In this chapter, a simple coupled vehicle and bridge model is used to demonstrate the principle.
The vehicle is represented with a quarter car model and it passes over a 20 m approach length
followed by a 20 m simply supported finite element (FE) beam model with a smooth road
profile. Similar Vehicle-Bridge-Interaction (VBI) models have been used by many other
authors (Tan et al., 2019, Elhattab et al., 2016, Malekjafarian et al., 2019). For the approach
section, a 2-dimensional (2-D) profile and a 3-dimensional (3-D) ‘carpet profile” are used in
sperate simulation. For the 2-D runs, a class ‘A’ road profile is generated based on the I1SO
standard (ISO 8608: 1995). For the 3-D profile runs eleven alternative 2-D profiles are
generated to represent the 3-D surface ‘carpet’. The objective is to allow for the differences in
excitation caused by small differences in the lateral position of vehicles on the road. The result
is a varied but correlated excitation of the passing vehicles. For any given vehicle, one of the
eleven profiles is selected according to a truncated Normal distribution, using Monte Carlo
simulation (Blab and Litzka, 1995).

The quarter car vehicle model (Figure 4.1) has a sprung mass, M, and an unsprung mass, m,

representing the body and axle masses of the axle system respectively. The sprung and unsprung
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masses are connected by a spring of stiffness, K, and a viscous damper with damping, c. The
unsprung mass connects to the road/bridge surface via a spring of stiffness, k, representing the

tyres.

Figure 4.1 Quarter-car model

The bridge is represented by a 20 m span simply supported Euler-Bernoulli beam. It consists of
20 beam elements, each with 4 degrees of freedom (DOF). A span/depth ratio of 20 is assumed,
giving a depth of 1 m. The beam is assumed to be of solid rectangular cross section and could
be in-situ concrete or composite precast with solid concrete infill. The second moment of area
is then I = 1.25m*, assuming 15 m width. This beam has a modulus of elasticity, E =
35 x 10°N/m?, density p = 2,500kg/m3 and mass per unit length p = 37,500kg/m. The
bridge damping ratio is 3% (Li, 2006).

The dynamic interaction between the vehicle and the road profile or bridge is simulated in
MATLAB. The vehicle and the road profile or bridge are coupled at the tyre contact points via
the interaction force vector. This coupled system is solved using the Newmark-Beta integration

scheme.

4.3 Profile Calculation

In this section, a Bayesian updating approach is used to calculate the road profile using
measured accelerations (a) from a fleet of vehicles. To illustrate the process, the quarter-car
model, described in Section 4.2, is used which has 6 unknown vehicle properties, M, m, K, k
and c. The profile elevations are, R = R(y;), ..., R(yp) where y,, ..., yp are corresponding

location.
4.3.1 Data likelihood

A simple independent Gaussian error model is assumed for the deviations of the observed

accelerations from the true ones. For nth vehicle, the model for its acceleration data a,, is
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(4.1)
where A(y;; R, M,,, m,,, K,,, k,,, ¢;,) is the vehicle acceleration calculated from a vehicle with
properties, M,,, m,, K,,, k., c,, crossing the true profile R. The term, o2 is observation error
variance. Assuming that each vehicle’s observations are independent, a likelihood is given for

all of the acceleration data:

N
p(alR' MI:N' my.y, K1:NJ kl:Nl cl:N) = 1_[ p(aan, Mnrmann' kn' Cn)

n=1

N P
1
= (277:0-12)_0'51\”) exp(_ ﬁ z Z(an (Yi) - A(Yi; R, Mn’ my, Kn' kn' Cn))z)
L a=1i=1

(4.2)
4.3.2 Priors

A prior distribution p(M,,|¢,,) is specified for each vehicle mass. It is the distribution of
vehicle masses across the population of vehicles used on the road, which is usually assumed to
be the same for each vehicle class. This distribution is described here as a normal distribution
and ¢,, is its mean and variance. It is assumed that these priors are independent for each vehicle,

so the prior for all masses M.y = (M4, ... My) is:

p(Manlow) = | [p((Maloan) (43)

In a similar fashion, prior distributions for all other vehicle properties are given as follows:

pannlon) = | [p(0nalom) (44
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pKrnlo) = | [p((Kalon) 45)
p(kyinlpi) = 1_[ P((kn |‘Pk)) (4.6)
plernlod) =| [p((ealoo) “7)

A prior distribution of the road profile uses an intrinsic Gaussian process and is determined as
follows:

2 T T 2
p(R) = 1:1[\/277(3’1' =2 P (_W(R(yi) — R(y;-1)) ) (4.8)

where 7, is a smoothing parameter for road profiles. It is the precision or inverse of the variance

of a normal distribution. The larger its value, the less variation is allowed in the profile.

4.3.3 Posterior distribution

The output of the Bayesian analysis here is a posterior distribution, the unknown profile and
vehicle properties can be estimated given the observed data. By Bayes’ Law, this is given in

terms of the likelihood and prior terms by (Lee, 2012):
p(R, M1:N' mi.y, K1:Nl kl:Nl cl:Nla)

N N
x p(a|R, M.y, my.n, K1.n, K1, €1.0)P(R) <1_[ P((Mn|<PM))> (1_[ P((mn|<Pm))>

(:Hp((Knlq)K))) Cup((knlwk))) (ﬁp(<cn|¢c))> (4.9)

The question now turns to the issue of computing Equation (4.9). The proposal here is to do it
by Monte Carlo sampling, specifically Markov Chain Monte Carlo (MCMC) which is suitable
for complex and high dimensional distributions (Gelfand and Smith, 1990, Wilson et al., 2006,
O'Hagan and Forster, 2004). The specific MCMC method that is described here is called
‘Metropolis within Gibbs’ sampling. It samples a value of each unknown in turn: each of the
vehicle properties, and then each value of the profile. It does this by randomly proposing a new

value and then accepting or rejecting it with a certain probability. This probability is such that
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the set of accepted samples converge to samples coming from Equation (4.9). The Monte Carlo
simulation allows for the construction of approximations to the posterior distribution or

parameters of it, such as means or percentiles (Tanner, 1996).
4.3.4 MCMC algorithm

Here a fleet of vehicles is generated based on the mean and standard deviations of vehicle
properties which are shown in Table 4.1 (Wilson et al., 2006, Belay et al., 2008). There are 30
different vehicles in this small sample fleet. The fleet is simulated crossing a given road profile
and sprung mass accelerations of these vehicles are generated as ‘true’ accelerations. 2-D and
3-D profile are used separately. Then these accelerations are used as input into the MCMC
algorithm to back-calculate the profile and vehicle properties. Additive White Gaussian Noise
(AWGN) of 2% is added to the measurements to allow for inaccuracy (Lyons, 2011).

Table 4.1 Vehicle properties.

Parameter Symbol Unit Mean St. dev.
Sprung mass M kg 4,450 445
Unsprung mass m kg 420 42
Suspension stiffness K N/m 500,000 50,000
Tyre stiffness k N/m 1,950,000 195,000
Suspension damping c Ns/m 20,000 2000

The MCMC algorithm is a series of 5 steps as outlined below. A flow chart, introducing this

MCMC algorithm, is given in Figure 4.2.

1. Firstly, define an initial set of vehicle properties, Mgo,)v mg",{, Kiog, kgog, cg",)v and an
initial profile R@ = R(y,)©, ..., R(y»)©@. Define all parameters for the Gibbs sampler:
number of iterations n;.,, = 2000, standard deviations to generate unknowns s,, =
200kg, s,, = 40kg, sy = 30,000N/m, s, = 100,000N/m, s, = 1000Ns/m,

Sprofite = 0.001m, 7, = 100,000, and observation error variance, of = 0.001.
2. Compute the expected accelerations An(yl-;R("),M,(lo),mﬁlo),K,EO),k,(lO),c,(lO)),n =

1,..,Nandi=1,..., P. using the coupled system introduced in Section 4.2.
3. Let Rewrrent = R(0),
4. Foreachiterationj = 1, ..., n;.,, Update vehicle properties and road profile by acceptance

probability a, and ;.
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a) In iteration j, for each vehiclen = 1, ..., N, generate a population of proposed values
for M;,, my,, Ky, ky,, c;, from a normal distribution which has a mean and variance equal

to the previously sampled values.

Mi~NMYU™V, s2) (4.10)
m,~N(mY™, s2) (4.11)
K, ~N(KI™, s2) (4.12)
ki ~N(KI™, s2) (4.13)
ch~N(cY ™, s2) (4.14)

b) Then, compute the expected accelerations with these proposed vehicle properties using

the coupled system introduced in Section 4.2.
An(y; RID, M), muy, Ky ke, €h), oee s A (yp; RI™D, MY, my, Ky ke, €3)
c) Compute the acceptance probability a, using Equation (4.15):

4 p(an|RI™D, My, my, Ky, ker, )
a, = minyb : — — — — —
' p (@n|RID, MY, m{™0, kU0, kY0, cI70)

pMnloy) — pmnlenm)  p(Kalok)  pkalgr) — plenloe)
p (Mo ) p (m o) p (1772 0x) p (k2 |0k (e |c)

1 i— ; /] /] /] !
exp (_27‘122?:1(%(%') = An(ys RUD, My, my, Ky K, C”))Z)

=min{1
4 1 i . . . . .
exp (—T‘EE:le(an(yi)—An (yl-;R(l—l),M,g] D omU™ g0 U0 U 1)))2>

pMnloy) — p(mnlom)  p(Knlpx) — plknler) — plenlec)
p (MY |ou) 2 (m 2 |om) p (K 0i) (k|01 (e e

(4.15)
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d) With probability a,, the new proposed values are accepted, if accepted, let M,(lj) =
My,mY =mi, kP = Kk, kY = k;, ¢ = ¢, if rejected, let MY = MUV, mY =
mU™D kD = gU=D ) O — ) U= ) _ G-D)

Here the way to do this is to generate a random number u uniformly distributed between
0and 1. If u < a4, accept; else reject.

e) In iteration j, for each profile location y;, i = 1,..., P, generate a proposed profile R;
for R(y;) using Equation (4.16):

Ri~N(R()Y™, 52, fite) (4.16)
f) Let R* be R°¥ment with R(y;)Y~Y replaced by R;.
g) Compute all values of A4, (yl-;R*,M,Sj),m,({),l(,gj),k,({'),c,(lj)) that are different from

An (yl-; Rewrrent p() ) () 4 O) c,(j)) fori = 1,..,Pandn=1,..,N.

h) Compute the acceptance probability 8; using Equations (4.17), (4.18) and (4.19). In
Equation (4.17), fori = 2,...,P — 1:

« gD ) (D L) ()
8, = p (a R, My, myy, Ky ey Cl:N) p(R*)
1= p - - - -
o (e, T, 00 3 PR

1 . . , ' ' .2
exp <— 7‘12271\1]=1 Yiet (an(yl-) — A, (Yii R MO, m9 kD 1D, 675]))) >

1 , , , , , 2
eXp <_ 27..12271\1,=1 f:l (an (YL) - An (yl’ Rcurrent) Mr(lj), mfl])l K-,E]); k‘l(‘l])’ C-,Sj))) )

exp <_ﬁ <(Ri — R(y;-)YU™D)? n RV — Ri)2>>

2 Vi — Yi-1)? Vis1 — Yi)?
X - - - -
exp (-4 ((R(Yi)(]_l) — R(y;—1)U~V)2 + (R(y;+)U~D — R(}’i)(’_l))2>
2 Vi — Yi-1)? Vie1 — Yi)?
(4.17)
Fori =1, itis:

1 . s j OO\
exp <_ ZT‘lzzgﬂ Yi1 (an (vi) — An (yii R, M,(l]), m;]), K,E]), k,(l]), C,(l]))) >

B = >
exp (‘T‘lz n=1Zi=1 (an()’i) — Ay (yi: Rewrrent, D ) gD 1), C,@)) )

70



Chapter 4

L ((Ry)Y™Y — Ry)?
P <_T7<( y()’z —¥1)? : >>
X
_ T ((R(p)Y™Y — R(y,)U~V)?
exp( 2 ( (2 = ¥1)? ))

(4.18)

Fori =P, itis:

y it »8n

1 . . . . ; 8\ 2
exp <—2T‘12211¥=1 X (an(Yi) — Ay (}’i:R MP,mP, kD k;”.g&”)) >
B =

J n ’ n ) n ’

1 [ (Rp — R(yp_,)U~1)?
exp(—%<( (vp _yyp—1)2 )>>

exp <_ 7 <(R(yp)(j_1) - R(yP—l)(j_l))2)>

1 . . . . N\ 2
exp (—27122,’!:1 501 (@G0 = A (v Rovrrent, MO, m P, kP, kP, o) )

(vp — ¥p-1)?

(4.19)

i) With probability 5;, the new proposed values are accepted, let R(y;)U) = R;. Else it is
rejected and R(y;)¥) = R(y;)U~D,
j) Update Re¥ment py replacing R(y;)Y=1 with R(y;)Y).
5. Let RO = Rewrrent gn( store the updated set of samples
MO, MDD O kD gD DD DD and profile RO
Repeat step 4 for the next iteration, j — j + 1.
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Given vehicle accelerations (including measurement noise)

A

Define an initial set of vehicle properties, Mgo,)\, mgo,i, Ki",)v

k., ¢, and an initial profile R® = R(y,)@, ..., R(y,)©

In iteration j, for each vehicle n, generate a population of

proposed values for M;,, my,, Ky, ky, ¢,

y

Use these new properties to calculate vehicle acceleration and
compute the acceptance probability «; using Equation (4.15)

If probability a; is
accepted, the new
properties are saved. Else
keep the previous values

For each profile location, y;, generate a proposed elevation R;. Re*'ent
=RU-D_ Let R* be R ™ with R(y;)U~" replaced by R;

'

Use this new profile to calculate vehicle acceleration and compute the
acceptance probability 8, using Equations (4.17), (4.18) and (4.19)

If probability pg; is
accepted, the new profile
value is saved. Else keep
the previous values

J = Njter

End

Figure 4.2 Flow chart of MCMC algorithm
72



Chapter 4

4.3.5 Results of profile calculation

For the 2-D input profile, the output from the Bayesian analysis gives a calculated profile and
inferred vehicle properties at the same time. The objective in the Bayesian analysis, is to
estimate the data, but still leave some uncertainty. While good estimates are possible, the
calculated results will not be exactly correct. One way to represent this is to use quantiles of the
posterior distribution, which represent an interval in which the true value lies with a specified
probability. In this case, the 2.5% and 97.5% quantiles of the MCMC samples and the mean of
these samples are used as the calculated results. The mean calculated profile is very close to the
true profile (Figure 4.3). Further, the 95% limits almost encompass true profile. The inferred
vehicle properties can be found and are of reasonable accuracy, as can be seen in Figure 4.4.
However, the method is found to be more accurate when the vehicle properties are normalized
with respect to sprung mass, M and only the resulting normalized properties are found using
the off-bridge data (The sprung masses will be found later using on-bridge data). These
normalized property results are shown in Figure 4.5. Similar to other research in this area and
the results in Chapter 2, it was not possible to accurately calculate the absolute values for
properties, but it was possible to get the normalized values (Harris et al., 2010). For the 3-D
profile, the mean calculated profile is close to the true mean profile found by taking all vehicles
(Figure 4.6). In Figure 4.7, the calculated profile can be seen to capture the main features of the
different profiles experienced by the 30 vehicles. Figure 4.8 shows that the calculated vehicle
properties are not particularly accurate. Clearly even small differences in the lateral vehicle

position are important.

%107

True profile
——e— Mean calculated profile
— — — - 95% prediction limits

Profile elevation (m)

Position (m)

Figure 4.3 True and calculated profile (mean calculated and 95% prediction limits) for

the 2-D profile case.
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Vehicle No.

Figure 4.4 True and calculated vehicle properties (mean calculated and 95% prediction

limits) for the 2-D profile.
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ittty
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0 5 10 15 20 25 30
Vehicle No.

Figure 4.5 True and calculated vehicle properties (mean and 95% prediction limits),

normalized with respect to sprung mass, M, for the 2-D profile case.

8 x1073
True mean profile
———— Mean calculated profile
6l —~ -95% prediction limits

Profile elevation (m)

0 5l 1I0 1]5 20
Position (m)
Figure 4.6 True mean profile of all vehicles and calculated profile (mean calculated and
95% prediction limits) for the 3-D profile case.
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)

Profile elevation (m

%107

True profile

———— Mean calculated profile

15

10
Position (m)

20

Figure 4.7 True profiles of all vehicles and mean calculated profile in 3-D profile case.
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Figure 4.8 True and calculated (mean calculated and 95% prediction limits) sprung

mass and normalized vehicle properties for the 3-D profile case.
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4.4 Detection of Bridge Bearing Damage Using the Bayesian
Analysis

4.4.1 Bearing damage

In this section, a simply supported bridge with different boundary conditions is considered to
determine if bearing damage can be detected. Bearings allow supports to rotate freely but, when
not functioning properly, can offer significant resistance to rotation. Rotational springs are
added at each beam support to represent this resistance with stiffnesses K.,¢; and K, », as
shown in Figure 4.9 (Khan et al., 2021, Kliewer and Glisic, 2017).

bridge

Ko s @ TTTTTIITT T T T T [ Kror2
e

Figure 4.9 Bridge model with rotational springs.

The bearing damage level represented here, by the bearing spring stiffness. The values range
from O (free to rotate) to infinity (fully fixed). Khan et al. (2021) defined five levels of damage:
pinned, low, moderate, severe and fixed, related to the rotational stiffness values. Here, to test
the bearing damage level of the bridge model, one vehicle is simulated crossing this bridge with
different values of K, and K,.,;,. Then, the area under the deflection curve is used as an
indicator of changes in the bridge condition. K., 1 and K., , are kept equal, they start from
ONm and increase to 1012 Nm, when the supports behave almost as though they are fully fixed.
The areas under the deflection curve for different K., 1 and K,.,. , values, are shown in Figure
4.10. It shows that there is no obvious change in the area under the deflection curve for values
less than 108 Nm. Between the about 108 Nm and 102 Nm area change significantly,

indicating significant changes in support behaviour.
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Figure 4.10 Area under the deflection curve for different values of rotational stiffness
(Krot,l = Krot,Z)-

In this section, four different bearing damage states are chosen from which accelerations are
generated: K,or1 = Krorz =10,10%,10%°,10*} Nm. The vehicle sprung mass M, bridge
second moment of area I,,,.;44. and bridge bearing stiffness K,.,., and K., , are solved from
these ‘measured’ accelerations using the Bayesian approach. Here, it is assumed all 20 elements

of the bridge are the same and have equal values of second moment of area /4 ge -
4.4.2 Data likelihood

Similar to Section 4.3.1, a simple independent Gaussian error model is used to calculate the
deviations of the observed bridge deflections from the true values. For vehicle n, the sprung
mass of the vehicle is deemed to be unknown but other vehicle property ratios are calculated
from the off-bridge data, using the 2-D profile. The bridge second moment of area Iy,;.;44. and
bearing stiffness values K,,¢1,Kror, are also unknown. The Gaussian error model is

formulated in term of the probability of a specific deflection:

P
p(Wnan; Ibridge: Krot,l ’ Krot,z ) = 1_[ p(Wn (Yi; Mn)|Wn vi; My, Ibridge' Krot,l ’ Krot,z ))

=1

P

1 1

= | | €xp| — 2 (Wn(Yi; Mn) - W, (yi; MnJIbridge'Krot,l 'Krot,z))z
L_1+/2nof 203
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P
1
= (Zno-zz)_o'spexp(_T.JZ(WH()’L'; Mn) - M/n(yi; Mn;Ibridge;Krot,l ’Krot,z))z)
2=

(4.20)
where W, (yi; My, Ipriages Krot1 » Krot,2 ) 1S the expected bridge deflection observed from a

vehicle with M,, crossing the bridge with true properties, Ipriages Krotn » Kror2 - The term,

w,, (yi; M) is the observed bridge deflection which is calculated from the ‘measured’
accelerations using the Inverse Newmark-Beta method. The Inverse Newmark-Beta method
have already introduced in Chapter 2 and 3. It is used to calculate the apparent profile directly
from ‘measured’ accelerations. In this chapter, the Inverse Newmark-Beta process is

implemented in a simpler quarter-car model which is described in detail in Appendix B.

It is assumed that each vehicle’s observations are independent:

N
p(wlMl:N' Ibridge' Krot,l ’ Krot,z ) = 1_[ p(Wn|Mn: Ibridger Krot,l ’ Krot,z )

n=1

N P
1
= (ZHUZZ)_O'SNP exp(_ ﬁ z Z(Wn (Yi; Mn) - VVn(Yi; Mn’ ]bridge’ Krot,l ’ Krot,z))z
2 n=1i=1

(4.21)

4.4.3 Priors

As in Section 4.3.2, a prior distribution p(M,,|¢,,) is specified for each vehicle mass. It is the
distribution of vehicle masses across the population of vehicles at the bridge site, which is
usually assumed to be the same for each vehicle class. This distribution is described as normal
and ¢,, is its mean and variance. It is assumed that these priors are independent for each vehicle,

so the prior for all masses M.y = (M4, ... My) is:

p(Manlow) = | [p((Malon) (422)

where Iyriages Krotq and Koe, are constant values across an interval. Their unform

distribution over an interval (a, b) are assumed to have a density:

1

p(X) = E,a <x<bh. (423)
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4.4.4 Posterior distribution

Similar to the posterior distribution described in Section 4.3.3, a posterior distribution for the
bridge section is introduced here. By Bayes’ Law, this is given in terms of the likelihood and
prior terms by:

p(MI:Nf Ibridge' Krot,l ) Krot,Z |W)

N
X p(wlMl:N' Ibridge' Krot,l ) Krot,z ) <1_[ P((Mn|<.01v1))) p(lbridge)p(Krot,l)p(Krot,Z)

i=1

(4.24)

4.4.5 MCMC algorithm

For the four bridge bearing damage states, the fleet of vehicles used in section 4.3.4 is simulated
crossing the bridge and vehicle accelerations are generated as ‘measured’ accelerations. Then,
2% noise is added to these accelerations and used in the MCMC process introduced below to

determine the bridge second moment of area, Ij,;q4., the bearing damage levels K¢ 1, Kyo¢ 2

and vehicle sprung mass value M at the same time.

As in section 4.3.4, Equation (4.24) is solved by MCMC, the process of which is described here.

(0)

1. Define an initial set of vehicle sprung masses, Mgog, and bridge properties I, .

kK K© . Define parameters for the Gibbs sampler: n;,,, = 5000, s, = 200 kg, s; =

rot,1’ “*rot,2"

0.001m* s, = 108Nm and g2 = 1071,

2. For each iteration j, for each vehicle n, generate proposed vehicle sprung masses, M,,
’ -1 2
My~N(MJ ™, s2) (4.25)

I(]_l) K(]_l) K(]_l)

pridge’ Krota » Krot2 )With these sprung masses in

a) Compute the expected W, (yi; M),

the Vehicle-Bridge-Interaction problem.
b) Calculate w,,(y;; M,,) from the accelerations using the Inverse Newmark-Beta method.

c) Compute the acceptance probability a, using Equation (4.26).
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a,

1 -1 i1 i1
=min< 1,

1 «p g U-1D U0 U-D (-1 ,(-1)
exp (_ T‘zzzizl(wn (yi’ M" ) — W (yi’ Mn ’ Ibridge’Krot,l ’ Krot,z ))2

p(Mylow) }
p(M, Y™ |py)

(4.26)

d) With probability a,, the new generated sprung mass will be accepted and M,(lj) = M,,

otherwise, it will be rejected, and M = MY,

e) Generate a proposed I,.;4,, and proposed stiffnesses of the rotational springs,

krot,l' krot,z

’ j—1

Ibridge NN(Iéiidge: 512) (4.27)
k ~N K(]_l) 2 4.28
rot,1 ( rot,1 ,Sk) ( . )
k ~N K(]_l) 2 4.29
rot,2 ( rot,2 ,Sk) ( . )

f) Compute the acceptance probability 8, using Equation (4.30)

B>

1 | D 2
! exp <— P YN > (Wn (yl-; M,gj)) - W, (yl-; M,(l]), Lyriager Krot,1s krot.Z)) )
— min 11 2
= min < 1,

1 () () G- G- pG-DY)
L exp <—2T‘22211¥=1 i-1 (Wn (J’i' M,/ ) — W, (J’i' M, ’Ibridge’Kr(]Jt,l 'Krc]n,z )

p( Ibridge) p(krot,l) p(krot,Z)
p(19.,) Pk Pk

(4.30)

’
p(lbridge) _ P(krot1) _ PRrot2)

g-u y — -1y — G-y —
p( Ibridge) p(Krot,l ) p(Krot,z )

AS Ipriager Krot1 » Kror2 are constant values,

g) If probability 3, is accepted, then Ié’r)idge = Il’m-dge,l’{r({,)t,1 = kmt,l,Kr({,)tlz = Krot2,

i )] — U-D N _ pU-D 0 _ 0-D
Otherwise, Ibridge - Ibridge'Krot,l - Krot,l ’Krot,z - Krot,z :

3. Repeat this process for the next iteration, j — j + 1.
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4.4.6 Results for cases of bridge bearing damage

Here, the means of the MCMC samples are used as the calculated results. The calculated results
for logqo(Krot,1), 10810(Kror2) and I,.iq4. for the four damage states are shown in Table 4.2.
For the second and third state, both the bearing spring stiffness values, K., and bridge second
moment of area, I,.;44. Can be calculated with good accuracy. However, for the first and fourth
damage states, only the bridge second moment of area, I,,;44. Can be calculated accurately. As
shown in Figure 4.10, if the value of K., is less than 108, the bearing damage condition is low,
and the support offers a negligible resistance to rotation. As a consequence, it is not possible to
determine the stiffnesses accurately. Similarly, for values of K,.,. greater than 102, the
bearings are approaching being fully fixed and the stiffness is effectively infinite. The
calculated sprung masses values (mean calculated and 95% prediction limits) for the second
damage state are shown in Figure 4.11 and the calculated masses can be seen to be very close

to the true masses.

Table 4.2 Calculated bridge properties by MCMC

Damage Damage Damage Damage
State 1 State 2 State 3 State 4
10810 (Krop 1) True 0 9 10 12
rot,1 Calculated 7.6 9.1 10.0 12.8
10810 (Koo 2) True 0 9 10 12
rot27 Calculated 7.0 9.0 10.0 12.3
Iyriges (%) True 1.26 1.26 1.26 1.26
bridge Calculated 1.22 1.22 1.24 1.23
6000 ——© True
@3 —+£1 Predicted mean
5500 ——x  95% prediction limits
5000 f o)

M(kg)

4500 ‘ng @ Cjcj o)
4000 +

3500 r

3000 ?

0 5 10 15 20 25 30
Vehicle No.

Figure 4.11 True and calculated sprung mass (mean calculated and 95% prediction
limits) from MCMC for damage state 2.
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4.5 Detection of Local Bridge Damage Using the MCMC Approach

4.5.1 Local damage

In this section, bridge damage is modelled as a local crack in the bridge. The crack is represented
by a triangular loss in stiffness of one or multiple elements. As suggested by Sinha et al. (2002),
the loss in stiffness affects a region equal to 1.5 times the beam depth on either side of the crack.
A crack severity parameter, ¢, is defined as the ratio of crack depth to overall beam depth and
then related to the loss of bending stiffness. Here, the bridge model introduced in Section 4.2 is
used and cracks with ¢p=10% and 5% are simulated at 10 m and 14 m from the left support of
the bridge separately. For the beam model used here, the stiffness of four elements is affected
by the crack. When the parameter, ¢ is 10%, the two elements near the crack have an 18% loss
of stiffness, and other two adjacent elements have just 5% stiffness loss. If the parameter, ¢ is
5%, the respective element losses of stiffness are 10% and 3%. The Bayesian approach is then
tested to determine if the presence of this damage can be detected.

4.5.2 Data likelihood

As in Section 4.3.1, a simple independent Gaussian error model is introduced. All vehicle
property ratios are calculated using off-bridge data section except the sprung mass. The second
moment of area, I, for each of the 20 elements are assumed to be independent and unknown.

The Gaussian error model for I = I, ..., I, ..., I, is formulated here as:

P
p(wnan: I) = np(Wn(Yi; Mn)lwn(Yi; Mn'I) )
i=1

P
1 1
= 1:[ <_ZT¢'§ (Wn(yii M,) - W, (yi; Mnfl))2>

exp
2mo?

P
1
= (21n02) %P exp —FZ(Wn(%‘Z My) = W, (vis Mo, 1))?)
3=

(4.31)
where W, (y;; M, I) is the expected bridge deflection observed from a vehicle with sprung
mass, M,,, crossing the bridge with true second moment of area, I. The term w,, (y;; M,,) is the

observed bridge deflection which is calculated from the ‘measured’ accelerations using the
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Inverse Newmark-Beta method. Each vehicle’s observations are assumed to be independent

and equally likely for all bridge deflection data:

N
WMy D) = | [ Gl 1)
n=1

N P

1
= @no?) P exp(= 5 D ) (i M) = Wi My, D)?
3

n=1i=1
(4.32)
4.5.3 Priors and posterior

For a similar approach to Section 4.3.2, a prior distribution p(M,,|¢,,) is specified for each
vehicle mass. It is assumed that these priors are independent for each vehicle, so the prior for
all masses, M.y = (M, ... My) is:

p(My.n|on) =1_[p((Mn|<pM))
n=1

(4.33)

A Gaussian process is used to simulate the bridge second moment of area, I, with prior

distribution:

20
I u
p(l)—gj;exp( 2 (1~ 1))

(4.34)

where 7, is a smoothing parameter of I.

Similar to the posterior distribution described in Section 4.3.3, a posterior distribution of the
bridge section is introduced here. By Bayes’ Law, this is given in terms of the likelihood and

prior terms by:

p(Myn, I W) < p(WIMyy, T) (]—[ p((Mn|<pM))) ()

=1

(4.35)
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4.5.4 MCMC algorithm

The bridge is modelled in one healthy and four damaged states. Same fleets of vehicles are
simulated crossing these five different states to generate ‘measured’ accelerations. To represent
measurement inaccuracy, 2% noise is added to the ‘measured’ accelerations. Then the vehicle
accelerations are used as input in the calculation process to calculate the bridge second moments

of area and vehicle sprung mass.

Similar to Section 4.3.4, Equation (4.35) is solved by MCMC in the following process:

1. Define an initial set of vehicle sprung masses, M\, and initial bridge properties I =

199,189, ..., I{Y. Define the parameters for the Gibbs sampler: ny., = 2,000, sy =
200kg, s; = 0.001m*, 7, = 10,000 and 0'32 =10"11,

2. For each iteration j, and for each vehicle n, generate proposed vehicle sprung masses, M,,
I o (-1 .2
My,~N(M,, ', si) (4.36)

a) Compute W, (yy;; My, 1U~D), which is the expected deflection arising from the fleet of

vehicles in the Vehicle-Bridge-Interaction problem.
b) Calculate w,, (y;; M},) from ‘measured’ accelerations using the Inverse Newmark-Beta
method.

c) Compute the acceptance probability a5 using Equation (4.37):

1_ ! ’ i
exp (= 5 B 00 M) = W (s M 10°)7)
1 — —_
exp <_ 20_32 Zle(Wn (yl'; Mr(l] 1)) _ VVn (yi; Mr(l] 1)’1(]_1)))2)

pnio |
p(M,Y9"P|gy)

az; =min+ 1,

(4.37)

d) With probability a5, the new proposed value is accepted, if so let M,(lj) = M), else let

e) In iteration j, for each bridge elementz, z = 1,...,20, generate a proposed bridge

properties I, for I, using Equation (4.38):

L~N(IY ™, sB) (4.38)
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f) Let I* be I€urrent with [V~ peing replaced by ..
g) Compute all values of W, (yl- MO, I*) that are different from W, (yl- ; M), peurrent )

fori = 1,..,Pandn = 1,...,N.
h)  Compute the acceptance probability S5. Forz=2, ..., 19, use Equation (4.39):

1 0 0 )
exp (= 7 T Zhe (w2 5 ”) = e (s )

1 6)) 6)) 2
exp <_T.§Zg=1 le (Wn (yl-; Mn ) — VI/n (J’ii Ml'n, Icurrent)) )

Bs =

T ’ j—1 j—1 '
exp (‘72((12 - Iz(]—1 ))2 + (Iz(il ) - ]Z)z))

X
T -1 -1 i—1 j—1
eXp <_72 ((IZ(] ) - Iz(]—1 ))2 + (Iz({l-l ) IZU ))2))

(4.39)

Forz = 1, use Equation (4.40):

1 0 0 )
exp <_ZT._3ZZQ=1 Zf:l (Wn (Yi; M :) -W, (Yi; M1,n’l*)) >

Bz =
exp (=55 30, 57, (w ( ;MY )—W( 5 MY 1current) i
p 20.32 n=1%4i=1 n \YVis My~ n \ Vi 1,n’

exp(—F (™ - 11?))

e (-3 (070 - 177)

(4.40)
Forz = 20, use Equation (4.41):
exp (—2%3221’!42?:1 (Wn (v, ) = Wi (s Mﬁj),l*))2>
T )}
exp (—F (o - 157)7))

T j— j—
o (-3 (057 =17

Bs =

(4.41)
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1) With probability 85, the new proposed values are accepted, if yes, let 12(1—1) =1, else

j) Update Ieurrent by replacing IV~ with 13,
3. Let IU) = jewrrent gnd store the updated set of samples Ml(j), ...,M,(lj) and bridge properties
19,

Repeat this process for the next iteration, j — j + 1.
4.5.5 Calculated results of detected bridge local damage

The calculated bridge second moment of area, I (mean calculated and 95% prediction limits)
from the Bayesian updating algorithm, are shown in Figures 4.12. Figure 4.12(a) is the
calculated vector I for the healthy state. It shows that the inferred second moments of area are
within 1% to 2% of the true values. The calculated results for the damaged states are shown in
Figures 4.12 (b) to (e). Despite the very small fleet (just 30 vehicles), the inferred values are
quite close to the true ones and it is easy to estimate the levels and the location of the damage.
Further, the method still works well with quite low damage levels. The calculated vehicle
sprung masses (mean calculated and 95% prediction limits) are shown in Figures 4.13. It can
be seen that these can be found with high accuracy. Clearly the mean vehicle mass is closely
related to the mean deflection and the mean damage level of stiffness. If damage reduces
stiffness, mean deflection increases for a given mean mass. It follows that the accuracy of the
calculated sprung masses evident in the figure is contingent on a known mean mass. It is well
known that the distribution of vehicle mass at a site is repeatable but this requires a large number
of vehicles (OBrien et al., 2020).
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Figure 4.12 True and calculated (mean calculated and 95% prediction limits) 2™
moment of area, | of 20 elements: (a) healthy bridge; (b) damaged bridge (¢p=10%,
crack at 10 m); (c) damaged bridge (¢p=10%, crack at 14 m); (d) damaged bridge
(¢p=5%, crack at 10 m); (e) damaged bridge (¢p=5%, crack at 14 m).
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Figure 4.13 True and calculated sprung mass (mean calculated and 95% prediction
limits): (a) healthy bridge; (b) damaged bridge (¢p=10%, crack at 10 m); (c) damaged
bridge (¢p=10%, crack at 14 m); (d) damaged bridge (¢p=5%0, crack at 10 m); (e)
damaged bridge (¢p=5%, crack at 14 m).

4.6 Discussion and Conclusions

This chapter uses a Bayesian approach to analyze data from a fleet of uncontrolled but
instrumented vehicles to estimate road profile, calibrate the vehicles and detect bridge damage.
In the Bayesian approach, a ‘point’ or best estimate is determined by quantifying the uncertainty
in the estimation. Using off-bridge data, the road profile and most of the vehicle properties are
calculated from the vehicle accelerations. The inferred profile has been found to be very close

to the true profile, even allowing for measurement noise. The normalized vehicle properties can
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also be determined from this process with reasonable accuracy, except for the sprung mass
(gross vehicle weight) of each vehicle. Both 2D and 3D road profiles are considered, the latter
allowing for uncertainty in the lateral track position on the road surface. It is found that a mean
of this 3-D profile can be calculated which is close to the true mean profile. However, this

uncertainty significantly affects the accuracy of the vehicle calculation process.

Numerical simulations are used to test the ability of the Bayesian approach to detect bridge
damage. Here, the on-bridge vehicle accelerations are used to determine the bridge properties,
vehicle sprung masses and the spring stiffnesses of the bearings. Four different bridge damage
states are considered with different bearing damage conditions. It is found that the bridge
properties and spring stiffnesses can be calculated with good accuracy using this Bayesian
approach. The calculated bearing spring stiffnesses can be used to estimate the bearing damage

condition.

Local damage is also considered in the form of cracks in the bridge. The second moments of
area of each of the 20 elements of the bridge are calculated. Even with a very small vehicle
fleet, the levels and locations of the crack damage are found and the vehicle sprung masses.
Even for low levels of damage, the method works well (with about 3% error). The results are

insensitive to random noise in the measurements.

It is acknowledged that the results are based on simple numerical models and that there will be
challenges in making this concept operational for real vehicles in the field. In particular, the
vehicle model is a simple quarter car which avoids the complexity of an acceleration resulting
from multiple simultaneous axle excitations. It is believed that this problem can be addressed
to separate the contributions into their component parts. It is acknowledged that the road surface
profile on the bridge, assumed to be smooth in this study, may have a significant effect and that
it would be desirable to demonstrate the ability to detect lower levels of damage. To some
degree at least, accuracy will be improved by considering larger fleets of vehicles — perhaps
numbering in thousands — compared to the fleet of 30 considered here. Further, the calibration
process should be greatly improved by accessing potentially hundreds of kilometers of data,
compared to the 20 m approach length assumed here. It is anticipated that the accuracy of
vehicle location data will be challenging due to the resolution of commercially available GPS
sensors. However, it may be possible to improve this accuracy by using optimization algorithms
to synchronize data from different vehicles. The purpose of this study has been to establish the

principle of vehicle fleet monitoring of bridges. It is concluded that, while many challenges
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remain, this approach appears to have considerable potential. Just one vehicle is considered on
the bridge in this section but other traffic on the bridge may influence the inferred results. Since
a fleet of vehicles are used, it is possible to discount the particular cases when more than one
vehicle is on the bridge simultaneously. The influence of other traffic on the bridge during the
measurements should be investigated in the future. A potential damage scenario consisting of
a combination of different damages is not considered in this section. Each damage may
influence the bridge behavior and it may be difficult to sperate them. Further work on this issue
is needed in the future.
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Chapter 5 — Conclusions
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Chapter 5 — Conclusion

5.1 Summary

In this chapter, the principal findings and contributions to the state-of-the-art of this thesis are
summarised. Figure 1.1 provides a summary of this thesis with the links between the key
contributions of this work and the different chapters. In Chapter 2, an Inverse Newmark-Beta
integration method is developed to determine road profile using passing vehicle measurements
which is accurate and computationally efficient. Then the vehicle fleet monitoring concept is
proposed. Here, the Inverse Newmark-Beta integration and the Cross Entropy (CE)
optimization are used together to solve vehicle fleet monitoring problem with unknown vehicle
properties. Sprung mass and half car vehicle models are simulated separately. The results show
that the calculated road profile is close to the true profile. For the vehicle properties, the property
ratios are accurately calculated but the vehicle masses are not. Clearly vehicle mass affects its
frequency, meaning that some information exists in the data on mass. However, the relationship
between vehicle mass and the signal is found to be weak so it is difficult to determine mass
accurately. Noise is added to the acceleration and velocity responses to allow for possible
measurement inaccuracy. It is found that increasing noise levels have an influence on the
calculated results, but a reasonable level of accuracy is achieved. The influence of noise may

be much reduced if the populations are larger.

In Chapter 3, the vehicle fleet monitoring concept is further developed, this time for a flexible
railway track calculation and railway bridge damage detection. A 4-axle railway carriage and
train/track/bridge dynamic interaction model is used. The apparent profile (AP) of the track can
be determined from bogie vertical accelerations and angular velocities using the Inverse
Newmark-Beta algorithm. The numerical inaccuracies tend to accumulate which results in a
‘drift’ in the calculated AP over time/distance. This is not considered to be a significant issue
as track damage or deterioration is generally evident over short lengths. Combining the Inverse
Newmark-Beta method with CE optimisation, the APs of the track and vehicle properties can
be calculated using batches of trains. There are 50 trains in each batch which have constant
vehicle properties except mass, moment of inertia and speed. The calculated APs and vehicle
properties are very close to the true values. A new method is proposed to determine the moving
reference influence line (MR-IL) from the moving reference deflections. Using a 2-axle half-
car and simply supported beam model, the results show that the MR-IL is a good indicator of
bridge damage level. As the MR-IL is essentially a static deflection function, it relates directly
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to overall bridge stiffness. For this reason, it is unsurprising that it is directly correlated with
overall bridge damage, represented as a loss of stiffness. Though bridge frequencies may
influence the calculated MR-IL values, it can still detect the level of damage with reasonably
accuracy. A blind test with an independent research group is used to validate the results. A
culvert is simulated as a railway bridge. The independent research group use a 4-axle railway
carriage model to generate ‘measurements’. The 4-axle railway carriage model and the 2-axle
half-car are used by UCD to calculate MR-IL, derived from the ‘measured’ bogie vertical
accelerations and angular velocities. The results show that the calculated MR-IL is a good
indictor to detect the damage levels of the bridge.

In Chapter 4, the vehicle fleet monitoring concept is applied again to profiles and bridges, this
time using the Bayesian approach. Here, 2-D and 3-D road profiles are tested separately. For
the 2-D profile, given accelerations from vehicles, the road profile and vehicle properties ratios
can be determined with good accuracy. Same as before, vehicle mass cannot be determined
accurately from the off-bridge data but it can be solved using the on-bridge data, assuming that
the mean vehicle mass is known. For the 3-D case, the calculated profile is close to the true
mean profile. However, the calculated vehicle properties are not particularly accurate — clearly
they are sensitive to deviations in the lateral vehicle position. The Bayesian approach is also
used to detect bridge damage. It can detect, locate and quantify the bridge damage with
reasonable accuracy. For bridge bearing damage, the Bayesian approach estimates the bridge
segment second moments of area and bearing spring stiffnesses at each support. If the bearing
damage condition is too low or too high, it is not possible to determine the stiffnesses accurately.
However the calculated results can still determine the healthy/damaged state of the bridge
bearing. Also, the sprung masses of the individual vehicles can be found, assuming a knowledge
of the mean vehicle mass for the site. The vehicle mass is closely related to the bridge deflection.
Further, the masses of the vehicle fleet can be solved in the bridge section. The Bayesian
approach is also used to detect local crack damage. The results show that it can determine the
levels and locations of crack damage with reasonable accuracy. The results are reasonably
insensitive to random noise in the (simulated) measurements. The Bayesian approach is a good

way to improve robustness of the calculation compared to previous work.
This thesis develops a fleet monitoring concept for road/railway profiles and bridge damage

detection. Fleet monitoring is shown to have good potential to find road/railway profiles and,

through the apparent profile concept, to monitor bridge health. Clearly using a large fleet of
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regular vehicles allows a great deal of information to be combined which can greatly increase
accuracy. The main contributions of the thesis are as follows:

1. Development of the Inverse Newmark-Beta concept.

2. Solving the calibration problem for the fleet of vehicles with unknown properties.

3. Developing the concept of a Moving Reference Influence Line.

4. Using Bayesian Updating to greatly improve robustness and efficiency and to allow for

continuous updating of the profile, vehicle properties or bridge properties.

The methods are validated and tested with different vehicles (sprung-mass/quarter-car/half-
car/4-axle, road/rail), different profiles (rigid/deformable, 2-D/3-D), different bridges (simply
supported/with rotational stiffness/culvert) and different bridge damage types (global/bearing

damage/local crack).
5.2 Limitations and Assumptions

A limitation of this work has been the lack of a 3D numerical analysis. The thesis uses 1D beam
finite elements and simplified 2D planar vehicle models. The suspension system has been
modelled as a linear spring and damper, and the tyres have been modelled as linear springs.
Another limitation is that the drive-by monitoring methods are examined in this thesis using
numerical models only. Experimental laboratory-scale models and full-scale field tests have not
been carried out. For bridge condition monitoring, just one vehicle or carriage is assumed on
the bridge. Other traffic on the bridge during the measurements is not considered. Further,
combinations of different damage states on the bridge are not considered. In this thesis, simply
supported bridges are assumed in most cases. In Section 3, a culvert bridge model is also used.
While other bridge forms are not considered, it seems reasonable to assume that they may also

work. Nevertheless, there is scope for further work in this area.

In each contribution, just one scanning frequency is used - different scanning rate should be
considered. In this thesis the simulated measurements used are acceleration and velocity. The
simulation in this thesis suggests that a small fleet will give some useful information, but a
larger fleet would clearly be better. The measurements can be collected by accelerometers and
gyroscopes mounted on the vehicles. Different locations are assumed in different sections. The
sensors are attached to the bogie of the train model, and they are attached to the sprung mass of
a vehicle model. Determining the most effective location of these sensors is one of the potential

challenges. The data can be collected and stored locally in the vehicle. For trains, on board Wi-

95



Chapter 5

Fi could collect the data locally and transfer it to the Cloud. It may also be possible to collect
these data from a fleet of vehicles in real time using 5G technology

5.3 Recommendations for Future Research

As these works are just examined by numerical model, field tests will ultimately be necessary
to give road owners/managers the confidence to implement the concept of fleet monitoring in
real-world applications.

In this thesis, the vehicle models are simplified 2D planar sprung-mass, quarter-car, half car
and railway carriage model. Some vehicle components have been modelled as linear systems
(suspension system and tyres). Significant improvements can be made to extend these models
to consider non-linear behaviour of some of the vehicle components and extend the vehicle

models to three dimensions.

The fleet monitoring concept can solve many infrastructure health monitoring problems using
vehicle drive-by data. The concept is to harvest this data from regular vehicles using the
network, and to use it to infer information on road/rail and bridge condition. However, the
quantity of data involved is potentially immense and research may be needed on the

development of an Edge Computing strategy for data processing, storage and transfer.
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Appendix A — Inverse Newmark-Beta Method to Find the

Railway Track Apparent Profile Using In-Service Train

Note to the Reader:

This appendix extends the Inverse Newmark-Beta method of half car model described in
Chapter 2 and Chapter 3 to calculate the railway track apparent profile. The purpose of doing

so is to illustrate that the simple model can be useful in more complex models.
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Appendix A — Inverse Newmark-Beta Method to Find the

Railway Track Apparent Profile Using In-Service Train

A.l Introduction

In Chapter 2, a new Inverse Newmark-Beta method is developed to calculate road profile using
a half-car model. Here, this method is used to determine a flexible track apparent profile (AP).
For the forward problem, a train-track model is used to generate vehicle accelerations. This
model is developed from the train-track-bridge model described by Cantero et al. (2016). For
the vehicle, a 4-axle railway carriage model which has ten degrees of freedoms (DOF) is used.
As shown in Figure A.1, it includes four wheelsets (allowing vertical translation only), two
bogies (allowing vertical translation and rotation about each centre of gravity) and the main
body (allowing for vertical translation and rotation). For the track, a three-layer track model is
used (Figure A.2). The track is modelled using beam elements and is supported by masses and
springs. The masses represent sleepers and ballast and the springs represent the pad, ballast and

sub-ballast.

L v2 ¢ L vl

Figure A.2 Three-layer track model.
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For the inverse problem, a 4 degree-of-freedom half-car model used in Chapter 2 and a 2 degree-
of-freedom half-car model used in Chapter 3 are used separately to back-calculate the track APs.

The half car models are shown in Figure A.3 and A.4.

Figure A.4 2-degree-of-freedom half car model.

A.2 Results with 4-Degree-of-Freedom Half Car Model

For the forward problem, the train-track model is used to generate vehicle accelerations and
rotation accelerations of the main body and one bogie which are regarded as the ‘measured’
data. The properties of the train are given in Table A.l. Using this ‘measured’ data, the 4-
degree-of-freedom half-car model is used in different way to calculate the track profile under

the vehicle. The properties of the half-car model are given in Table A.2.

Method 1: Firstly, the whole 4-axle railway carriage model is represented by the half-car model.
Then, the Inverse Newmark-Beta method introduced in Chapter 2 is used to solve this half-car
model. Here, ‘measured’ accelerations and rotation accelerations of main body are used as
inputs. The results are shown in Figure A.5. It has a constant difference between calculated APs
and true APs because of the initial values. After shifting, the calculated APs has the same shape

as the ‘true’ APs, but it is not accurate.
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Method 2: Then, the half-car model represents the bogie of the train model and the track APs
under the first bogie are calculated using the Inverse Newmark-Beta method. Here, the
‘measured’ accelerations and rotations of the bogie are used. Same as before, it has a constant
difference between calculated APs and true APs (Figure A.6). But after shifting, the calculated
APs is close to the ‘true’ APs.

Table A.1 Train properties in the forward problem.

Property Symbol Unit Value
Carriage body mass m, kg 32.4x10°
Carriage body moment of inertia I, kg m? 1.99>10°
Speed v m/s 33
Bogie mass my, kg 2 615
Bogie moment of inertia I kg m? 1476
Wheelset mass m,, kg 1813
Primary suspension stiffness k, N/m 2.4x10°
Secondary suspension stiffness kg N/m 0.86x10°
Primary suspension damping cp N s/m 7x10°
Secondary suspension damping Cs N s/m 16103
Distance b.etween bogie centre of L, m 128
gravity and wheelsets
Distance betwc'een main bgdy L, m 9.5
centre of gravity and bogies
] x107
- Calculated AP
Calculated AP after shifting
0.5 |—— —-True AP
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Figure A.5 Calculated AP, calculated AP after shifting and true profile of Method 1.
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Track AP (m)
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Figure A.6 Calculated AP, calculated AP after shifting and true profile of Method 2.

Table A.2 4-degree-of-freedom half-car properties in Method 1 and Method 2.

Property Symbol Value and Unit Method 1 Method 2
Pitch Moment I (kg m?) 1.99%10° 1476
Body mass m (Kg) 32.4x10° 2615
Axle mass m, (kg) 2 615 1813

Suspension Stiffness K, (N/m) 0.86x10° 2.4x10°
Tyre Stiffness K, (N/m) 4.8x10° 1x10°
Suspension Damping Cs (N s/m) 16x10° 7x10°
Distance of axle to

D (m) 9.5 1.28

centre of gravity

A.3 Results with 2-Degree-of-Freedom Half Car Model

A 2-degree-of-freedom half-car model is used again to represent the bogie of the train model.

The track APs are calculated using the ‘measured’ accelerations and rotations of the bogie by

the Inverse Newmark-Beta method. The properties used is shown in Table A.3. The results

show that the calculated APs is close to the ‘true’ APs after shifting (Figure A.7).
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Table A.3 2-degree-of-freedom half-car properties.

Property Symbol Unit Value
Sprung mass mg kg 2,615
Sprung mass 5

moment of inertia Is kgm 1476
Spring stiffness K, K, N/m 2.4%10°
Damping c,,C, N s/m 7103
Distance of axle
to body centre of D, D, m 1.28
gravity
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Calculated AP after shifting
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Figure A.7 Calculated AP, calculated AP after shifting and true profile of 2-degree-of-

freedom half car model.
A.4 Conclusion

Previous research has shown that railway track AP is a good indicator for monitoring the
conditions of railways and can be determined using a complex optimization method. This
involves finding the profile that gives a best fit to the measured data which is computationally
expensive and time consuming. Here, the railway track AP is calculated using Inverse
Newmark-Beta Method. The railway car model is represented using the simple half-car model.
The calculated AP is calculated in a fraction of the computing time and the results are very
close to the ‘true’ ones. This method still works even the model is simpler than the true

behaviour.

107



Appendix B

Appendix B — Inverse Newmark-Beta Process
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Appendix B — Inverse Newmark-Beta Process

B.1 Introduction

This appendix contains Inverse Newmark-Beta method of 4-axle train carriage model used in
Chapter 3 and quarter-car model used in Chapter 4.

B.2 Inverse Newmark-Beta Method of 4-Axle Train Carriage
Model

Hence, for the inverse problem, iy, iiy,, 8,1 and 65, are known inputs. Same as Equation

(3.10), other values can be obtained by integration of the inputs:

Upe+ar = Upre T Qelp1e + A7Up1 et (B.1)
Uprerar = (Upresar + AaUpre + A3llp1e) /Ao + Upye (B.2)
Upz,erat = Upze T Aslpze + A7Upa tac (B.3)
Upzerar = (Upzesar + Aalpze + Allpze) /Ao + Upze (B.4)
ébl,t+At = (9b1,t+At - 9b1,t - a6éb1,t)/a7 (B.5)
Op1,car = (9b1,t+At + a49b1,t + aSébl,t)/al + Op1 (B.6)
ébz,t+At = (9b2,t+At - 9b2,t - aGébz,t)/a7 (B.7)
Op2,c+ar = (9b2,t+At + a49b2,t + aSébz,t)/al + Opa (B.8)

According to Equation (3.1)-(3.8), the equations of motion of the main body can be

expressed:

Mylly rpne + (Cs1 + Co2)Uprrnr — Cs1llpresne — Cs2Upzerar T (Lyp1Cs1 — LypCs2) By ppne +
(ks + ksz)uv,t+At — Ks1Upieear — KsoUpztenr T+ (Lyrksy — vaksz)gv,t+At =myg

(B.9)
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]vev,t+At + (Lvlcsl - vacsz)uv,t+At - Lvlcslubl,t+At + vacszubz,t+At +
2 2 A
(Lvl Cs1 + va CSZ) 0v,t+At+(Lv1ksl - vaksz)uv,t+At - Lvlkslubl,t+At +

vakszubz,t+At + (Lvlzksl + vazksz) 9v,t+At =0 (BlO)

In the Newmark-Beta method,

Uperar = Qo( Uperar = Upe) = Aol — Azliyy (B.11)
Uptrar = Ay (uv,t+At - uv,t) — Ay — Aslyy (B.12)
év,t+At = a3(Oy,trat = Ov) — a49v,t - asév,t (B.13)
év,t+At = ao( Op,t+at — Opr) — a6 vt a3év,t (B.14)

Substituting (B.11)-(B.14) into (B.9) and (B.10)

My (Ao (Uppiar — Upe) — Al — Azllye) + (C51 + C52)(ag (uv,t+At - uv,t) — Ayl
- asﬁv,t) — Cs1Up1t+ar — Cs2Upzevat T (Ly1€s1 — vacsz)(a1(9v,t+At - 9v,t)
- a40v,t - asgv,t) + (ksl + ksz)uv,t+At - kslubl,t+At - kszubz,t+At

+ (Ly1ksy = Lypks3)0pp4ne = Myg

(B.15)

]v (ao( 6v,t+At v t) aZ vt a30v,t) + (Lvlcsl - vacsz)(al(uv,t+At - uv,t) -

) . ) . 2 2
Ayllye — Asliy ) — Ly1Cs1Uprpaar T LyaCsoUpopiar T (Ly1“Cs1 + Lyp Cs2) (A1(Op pyar —
Op,t) — sl — as0y )t (Ly1kss — Lypkso)Uyrine — LoiksiUpt eone + LooksoUpo p4ar +

(Lv12k51 + vazksz) 9v,t+At =0

(B.16)
In Equations (B.15) and (B.16), all symbols are given except uy ¢4 and 0, p4ae. SO Uy p4a¢
and 6, ;,a; could be solved now and iy ¢4 ar, Ty traer O, e 446 O erae €N be calculated from

Uy t+a¢ AN 6, 142, USINg Equations (B.11) to (B.14). Therefore, all the symbols in left side of
Equation (3.1) are known and the right side of Equation (3.1), F can be found, say
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Fy

F,

_)E
F=iy (B.17)

Fs

Fe
mpy19 + kp1TW1 + Cplr‘,'vl + kpzrwz + szr‘,lvz = FZ (818)
mpyrg + kp3T‘W3 + Cpgrvlvg + kp4TW4 + Cp47“,'v4 = F3 (Blg)
Lb11(kp17”w1 + Cplrvlv1> — Lp1 (kerWZ + szr‘izz) = Fs (B.20)
Lb21(kp37”w3 + Cp3rvlv3> — Lpy, (kp4rw4 + Cp4rv’v4) = Fg (B.21)

To get the k17,1 + Cp17yq, the terms, 7, and r,,,, can be removed by combining Equation
(B.18) with (B.20), scaled by Lj,,. Finally, the profile r,,, is calculated in the third step by
solving for k, 1,1 + cp17y,4 @s @ 1st order differential equation in r,,;. This is solved using the
Runge-Kutta method (Gonzalez et al., 2012). Same as this, other profile r,,,, 1,3 and r,,, can

be calculated separately.
B.3 Inverse Newmark-Beta Method of Quarter-Car Model

Here, the Inverse Newmark-Beta method is further developed using a quarter-car model which
is used in Chapter 4. The quarter car consists of a sprung mass, M, and an unsprung mass, m,
which represent the body and axle masses of the vehicle system respectively. A spring of
stiffness K and a viscous damper of value ¢ connect the sprung mass and unsprung mass

together. The axle mass connects to the road/rail surface via a sprung of stiffness, k.

The equations of motion of the vehicle can be defined as:

Mlﬁ + Clll + Klu = ﬁ] (B.22)

where M;, C;, and K; are the mass, damping and stiffness matrices of the vehicle respectively.
The parameters, ii, 1 and u are vehicle acceleration, velocity and displacement vectors
respectively. The displacement vector of the vehicle is, u = {u,,u,}’. The time-varying
dynamic interaction force vector by f, where f,, = {0, F,}'. The dynamic interaction force is,

F. = k x y ; where y is the profile. The matrices are given by:
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M1=[’g T?l] (B.23)
C, = [_CC _CC] (B.24)

(B.25)

Figure B.1. Quarter-car model and road model

The mass, damping and stiffness matrices of the vehicle M;, C,, and K, are assumed initially
to be known. Also, the acceleration of the sprung mass ii; will be measured and therefore
assumed to be known for each time step. Then, the displacement and velocity of the sprung

mass in each time step can be calculated using the Newmark-Beta method:

Ustyar = (Usprar T Az X Ugp + a3 X g, ) /Aot (B.26)
Ugtpar = Usy + A7 X Ugpiar + g X Ugy (B.27)

Taking Equations (B.22) to (B.25),

M X igpppe + € X Ugppne — € X Uyppne T K X Uspinr — K XUy pe = 0 (B.28)

M X Uy ppr — € X Ugppnr + € X Uypyar — K XUgpinr + (K +E) Xuyppne =k Xy
(B.29)

In the Newmark-Beta method, for unsprung mass:

Uy prar = Qg X (Uypaar — Uyp) — Qg X Uy — Qg X Uy g (B.30)

Substituting Equation (B.30) into Equation (B.28) to replace 11, ¢4 ¢

Uyrar = (M Xligrpar + ¢ X Ugpine + K X Ugppar + ¢ XAy XUy + ¢ Xag Xy, +

cXay X u,)/(cxa; +K) (B.31)

Hence, the displacement and velocity of the unsprung mass can be calculated as follows:

Uy rrar = Qg X (Uypaar — Uyp) — Qg X Uy — Qg X Uy g (B.32)
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Uy rrar = Qo X (Uypqnr — Uye) — Qg X Uy — Az X Ty p (B.33)

The effective stiffness matrix is:

[K] = [Ki] + ap x [M;] + a3 x [C4] (B.34)

The effective force is:

Ferge = K Xupsn (B.35)
Ft+At =Ft+At_M1X(aoxut+a2 Xllt+a3Xilt)—ClX(alxut+a4xut+a5><ilt)
(B.36)

Finally, the profile can be calculated as follows:

Verar = Ferae/k (B.37)

where, in the Newmark- Beta method, the integration constants are as listed here for time step,
At

1 14
= 0. = 0.25 x (0. 2 =, = )
y = 0.8, B = 0.25x%x (0.5+y)?, a B At? a, B x At
1 1 y At 14
@ = g ® = g~ b =g Las =5 X (5=2).a

=(1-y)XxAta, = y X At
(B.38)
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