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Abstract

Abstract

The aim of the present Ph.D. thesis is the development of rhadetl estimators for
monitoring mechanical systemSomplex systems have mechanical ones as components, and
those latter are intrinsically complex. Indeed, the growth in technology allowed the
transformation from purely mechanical systems to mechatronics ones with many advantages in
terms of interfacing wit other systems, the external environment, and humans. Unfortunately,
higher maintenance of components integrated into new mechanical systems, typically subjected
to degradation, is required. The possibility of introducing the conditased approach to
maintenance activities is crucial for avoiding early replacements of components in good
functioning or late intervention on them in faulty conditions. Different techniques for
monitoring mechanical systems in r¢i@ahe can be employed for realizing the ciioth-based

maintenance.

In this work, modebased estimators constituted of Kalman Filters are employed for monitoring
three types of mechanical systems: the railway vehicle, the road vehicleyaretl Surfaces
Sliding Isolators The monitoring through modelbased approach for each class of previously
mentioned mechanical systems is describ@dti-yaw suspension components, which
constitute a part of the railway secondary suspension, are monitored to identify possible faults
that cause stability andafety reduction in railway vehicleSwo different modelling
approaches are employed for monitoring the-riv@d conditions of road vehicles and for
managing their performances by estimating the sideslip angle. The frictional behaviour related
to both sufaces ofCurved Surfaces Sliding Isolatois characterized through the proposed
modeltbased approach, which is also suitable for monitoring the wear conditions of isolators

during their operations.

An overview of different possible approaches to the diagnostic and monitonmgabfanical

and mechatronicsystems, functional for conditidmased maintenance, is provided. In
particular, a detailed description of Kalman Filters, employed as a fbadetimonitoring
technique in this work, is included. By starting from the linear Kalman Filter, nonlinear
formulations of this latter, such as the Extended Kalman Filter and the Constrained Unscented
Kalman Filter, are explained. Kalman Filters make estimatioaised on the mathematical
modelling of the system to be monitored. For each mechanical system studied in this work, an

estimator design model is developed to include it in a Kalman Filter for activating the estimation

11



Abstract

process and, therefore, the mebeted monitoring. The correct design of the previously
mentioned model is crucial for obtaining reliable estimations by Kalman Filters. Formulations
of estimator design models able to capture desired dynamical behavimeshanicasystems

to be monitoredire provided.

Finally, results concerning estimations provided by the proposed monitoring approach for each
mechanical system analysed are providér estimated quantities are compared with detailed
simulation models and with experimental dathe obained results confirm the suitability of

the modelbased monitoring approach for mechanical systems, allowing for deepening future
research on their applicability in hardware equipment integrated onboard the explored
mechanical systems for making réiahe condition monitoring.

12



1. MODEL-BASED MONITORING OF MECHANICAL SYSTEMS: CONTEXT OF APPLICATIONS

1. MODEL-BASED MONITORING OF MECHANICAL
SYSTEMS: CONTEXT OF APPLICATIONS

Nowadays, the possibility of employing conditibased maintenance strategies instead of
predictive or calendarized ones is crucial for promptly taking action on mechanical systems
subjected to faultd-urthermore, two different enhancements are obtairathillee same time

through conditiorbased maintenance:

U increasng in the economic efficiendy the maintenance becomes more @ftient
because the components are only maintained when necessary. Thereby, the replacement
of system components which at#l $n a good state is avoided allowing money saving
and introducing benefits in terms of conservation and protection of the environment;

U increasng in the operational safety the possibility of detecting faults in system
components in time allows making their maintenance or replacement before a failure

with catastrophic consequences happens.

The conditiorbased maintenance allows the substitution and the repair of devibesantiime
horizon in which faults or abnormal behaviours are detected through condition monitoring
systems.Typically, the two previously mentioned enhancements obtainable by employing
conditionbased maintenance conflict with each other considering ithahany cases, a
reduction of the operational costs comes at the price of diminished safety.

Therefore, monitoring systems are required to detect anomalies in mechanical systems, at each
time instant, for conditiofbased maintenance purposes and for haizitgy the two conflicting
aspects related to the conditibased maintenance approach.

The main aim of condition monitoring is to ensure the reliability of mechanical systems and
safety for users of monitored systems. Different approaches, such as-lsssesbrand Data
driven ones, are employed to implement monitoring systems and toolksctroalc control

units.

The employability of the modddased approach on the condition monitoring of mechanical

systems is explored in this work.

13



1. MODEL-BASED MONITORING OF MECHANICAL SYSTEMS: CONTEXT OF APPLICATIONS

Modeklbased approaches for condition monitoring are suitable fotinealimplementations
and allow the dsnation of operative parameters and state variables for the health condition

monitoring of a mechanical system.

Through the moddbased monitoring approach, the following features are obtainable:
U information on the presence of a fault or the excessive wear of the overall system or its
particular element at each time instant;
U reduce the number of expensive sensors mounted omebanicalsystem to be
monitored, substituting the measurement sigwéls their estimations.

One of the most employed algorithms in meldased monitoring of mechanical systems is the
Kalman Filter in its various forms. The modedsed concept is the heart of Kalman Filters. The
physicatmathematical model of theechanial system to be monitored is required by Kalman

Filters for obtaining desired estimations.

The main contribution of this work is the development of new Estimator Design Models to be
included in Kalman Filters for monitoring purposes of mechanical systdimerefore,

methodologies to build Estimator Design Models are described.

Specific parameters and state variables are selected for obtaining variables observable over time
for recognizing abnormal behaviours of considered mechanical systems. Thel@stohtie
previously mentioned variables of interest is allowed by including Estimator Design Models in

Kalman Filters.

Different methodologies based on motlased and datdriven approaches for monitoring
mechanical systems have been develapent theyears, as described by publications cited in

the following.
The considered mechanical systems are monitored through nonlinear Kalman Filters integrated

with the newly developed Estimator Design Models in this work. In particular, for each

application feld, the monitoring is made through a single mdmeded estimator.

14



1. MODEL-BASED MONITORING OF MECHANICAL SYSTEMS: CONTEXT OF APPLICATIONS

Three different application fields concerning the condition monitoring of mechanical systems

are explored:

1) railway field 7 a Constrained Unscented Kalman Filter has been employed fitomon
the secondary suspension, in particular theyawi dampers, for taking action on a fault
of antryaw dampers identified through the aydiw damping parameter estimation.
Furthermore, the proposed monitoring tool has been extended for monitoring the
conditions ofantiryaw suspension componegtmstituted olampers and spring$,2];

2) automotive field i two Extended Kalman Filters have been employed to monitor the
tire-road interaction conditions and improve the active safety systems of road vehicles
through the sideslip angle estimation. Two different Estimator Design Models are
presented for desigrgrExtended Kalman Filters. The tiread condition monitoring is
made by estimating the lateral tir@ad friction coefficient for obtaining information
related to roadbed and tire conditioB];

3) seismic engineering field a Constrained Unscented Kalm&ilter has been employed
to monitor the conditions of surfaces@irved Surfaces Sliding Isolatdrg estimating
friction coefficients on both surfaces. The estimation of friction coefficients allows
checking the degradation of sliding surfaces due dgeingg and severe working

conditions p].

15



1. MODEL-BASED MONITORING OF MECHANICALSYSTEMS: CONTEXT OF APPLICATIONS

1.1. Railway vehicles: monitoring of antryaw suspension
components

The reliability of the railway system is a fundamental task in ordergoove safety and vehicle
timing. In this context, the anyiaw dampers play a particulesle sincethey have a strong
impact on the hunting motioof railway vehicles

The hunting phenomenon itself is essential for the guidance of a railway vehicle. The desired
behaviour of a railway vehicle consists of the wheelset returns from an initial displacement
caused, e.g., by track irregularities to its equilibrium positiomlinmg a decaying hunting
motion. Excessive huntingauses high lateral wheedil forces, which can seriously damage

the track increasing the risk of the derailment of railway vehicles.

The improvement of railway vehicles running stability is possilyleequipping them with
springs and dampers, as a part of the railway secondary suspension system, for reducing
undesired hunting oscillations.

The previously mentionedprings and dampetscalled antiyaw suspension componengsge
subjected to deteriorain. As consequence, their maintenance becomes strongly crucial.

In particular, hydraulic dampergypically used in railway vehicles, need seals. Since in the
seals a sliding contact between two solids occurs, the seals are inevitably prone to wear and
thereby to degradation, even if the oil of the damper provides lubrication. In contrast to this, no
sliding contact occurs springs. Therefore, the dampers are the more critical components
regarding degradation than the springsrthermore, a degradation thfe antiyaw dampers

can lead to excessive hunting at lower speeds and, thereby, to higher laterabi/ feees.
Therefore, the anffaw dampers and their proper functioning are essential for the safe operation

of a railway vehicle.

The maintenance of railway vehicles is usually carried out following a cakbadad
approachln order to ensure safety, the maintenance intervals are often set relatively low. In
some cases, such fixed maintenance intervals may lead to unnecessagpana@iactions.

Here, a conditiofbased maintenance appears as a feasible alternative to reduce the maintenance
effort and the related costs.

To this aim, the reaime condition monitoring represents a valid tool to operate the vehicle in

a more efficiehand smarter way.
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1. MODEL-BASED MONITORING OF MECHANICAL SYSTEMS: CONTEXT OF APPLICATIONS

The condition monitoring of railway vehicles is typically based on signal processing
knowledgebasedand datadriven methods §,7] based on the development of artificial Neural
Networks or on th&nowledge of empirical systems. In ¢@st to these last approaches, the
modelbased methods are characterized by the advantage to directly obtain the information
required for monitoring. Indeednechanicaimodels of railway vehicles can be employed in
order to develop, for example, estimatalesigned to identify the wheslil contact forces or

the wheel profile§i 11].

Moreover, the moddbased approaches can be adopted to estimate suspension parameters such
as secondary lateral damping and-gmatv damping 1271 17).

These techniques can be carried out thanks to the nature of the railway ehphéctecshat is

taken into account in the mathematical model: indeed, the derived model contains the key

physical parameters, directly linked to the whell contact and tthe suspension damping.

anti-yaw damper

secondary vertical damper

anti-yaw damper

secondary
lateral
damper

Figure 1.1. Positioning of argiaw dampers on the railway secondary susperjdi®ig.

Modeklbased suspension condition monitoring relies typicallyaanodelling approacthat
dondt consi der t20 eruwthekalkesliadar theborynfaa ime detsrmifation
of the wheelrail contact forces [g,21,22].

From a theoretical point of view, critical issues of the hunting behaviour occur at high creepages
due to the nonlinear relation between the creepages andotitact forces 43]; as a
consequence, the modelling of the whegl contact constitutes an important step for the

estimator design model.
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1. MODEL-BASED MONITORING OF MECHANICAL SYSTEMS: CONTEXT OF APPLICATIONS

In this context, however, it hasle pointed out that the characteristics of the whaetontact
depends on several parameters, which can be uncertain and can vary considerably.

For instance, the geometry of the profiles of wheel and rail can vary due to the progress of wear,
and thefriction coefficient in the whesalail contact depends on temperature and humidity.
Furthermore, variation of speed and irregularities, which also are uncertain, have an impact on
the relative kinematics of wheel and rail and thereby also influence thel-taieforces.
Therefore, the design of a specific reference model for the estimation could represent a

challenging aspect.

A constrained moddbased estimator is presented for monitoring -gaiv damgrs by
estimating the anfyaw damping A random wat model for the estimation of contact forces

and moments is included in the previously mentioned estimator.

The random approach is designed to estimate the wéiéeontact interactionsonsidering

the scenario of running at a constant spdéetreforethe longitudinal dynamics neglected.

At the same time, the random walk model approach is characterized by important advantages
in terms of a priori no knowledge of both wheeil contact forces model and track

irregularities.

The double target of theesign is to obtain an estimator model able to reproduce the relevant
physical phenomena but simple enough to limit the computational effort of the-besdel
observers24i 26].

The random variability of the interaction has been handled through memmtonstrained
approach based on the Unscented Kalman Filter (URE23], able to limit the variability of

the estimated states compatibly with the constraints.

The UKF outperforms the extended Kalman filter (EKE)1 31], but some issues still remain.

More specifically, constraints on state variables cannot be taken into account and, consequently,
the filter could fail in case of inaccurate system modelling or in presence of random variable
model. Many approaches haveehaleveloped for UKF with constrained problems, also called
constrained UKF (CUKF)Z6,3171 35].

Furthermore, the proposed methodology has been extended for monitoripgvastispension
components, constituted of springs and dampers [2]. Therefosgifthess of springsicluded

in the antiyaw suspension components estimated through the CUKF for condition

monitoring purposes.
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1.2. Road vehicles: monitoring of sideslip angle and tireoad
interaction conditions

Over the past decades, drivessistance systems have become a standard in the automotive
industry [36]. Nevertheless, the number of deaths caused each year in the world by road
accidents exceeds one million.

This number is unacceptable related to technological advances. This Veryahig can be
reduced by improving the performance of driver assistance systems if more state variables and

parameters of road vehicles become available for onboard control and monitoring systems.

However, many of these variables, such as the sidagljie,acannot be measured directly in

road vehicles because the sensors are very expensive. Reliable vehicle control systems are
developed typically around the vehicle sideslip angle determin&ioin40].

Therefore, the knowledge of this kinematic vhalgais fundamental in this field, but its direct
measurement is too expensive. Many studies aimed to provide reliable tools for the sideslip
estimation based on the coupling between vehicle modelling and sensdds4#h plack-box

and modebased appraches as Neural Networks and Extended Kalman Filter (E2Fhave

been employed to make the sideslip angle estimdtorihermore, the estimation of the tire

road friction coefficient is fundamental for improving the control and the safety of road
vehides. In autonomous vehicles, the #imad friction coefficient can be estimated through

environmental perception sensors installed on vehicles coupled with state obgjvers [

Modeklbased estimation techniques can take into accoaucuracies of sensors. These
approaches are based on vehicle models functional for the sideslip angle estimation and tire

models to estimate, typically, the tiread forces.

In literature, it is possible to distinguish mainly two approaches for developing vehicle state
observers, employing readily available sensors to correct the estimation of variables which
require the employment of expensive sensors.

The first approach usea kinematic vehicle model, independent of tire parameters and road
conditions, in combination with measurements obtainable from standard vehicle sensors. This
estimation technique is sensitive to sensor errors (noise and bias). These errors gentated by
GPS measurement can be reducéd], [but the required accuracy is not achievable by

consumeigrade GPS, and reception may be lost.
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The second approach is based machanical models of vehicles combination with the
measurements available from stamtaehicle sensors. With this approach, the model can
correct inaccuracies of sensors and unwanted measurements, but information on tire parameters

and road conditions is needed for the tire model.

Different tire models have been chosen48 | 53] to design stochastic observers for the

purposes previously described.
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Figure 1.2 Lateral tireroad force VS slip angle under different road frictiéd] [

Issues referred to the required accurate parametrization of typically employed tire models are
solved in R6,5556] by integrating a Random Walk Model (RWM) approach with different

types of Kalman Filters for tireoad forces estimation.

Two different modebased estimators based on the Extended Kalman Filter are proposed to
monitor tireroad inteaction conditions and to estimate the sideslip angle.

The first one has been designed around a deudnté vehicle model coupled with a simple
Magic formula characterized by four parameters obtained from extensive offline t&3t5&j [

for the tire moelling.
The lateral tireroad friction coefficient can be estimated on both left and right sides of the

vehicle through this estimator for capturing information on different interaction conditions
between tires and the roadbed. Therefore, it constitutesnaoring tool able to differentiate

the possible wear condition of tires on both sides of the vehicle and the presence of various

types of roadbeds.
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The second moddiased estimator is able to identify the overall lateralroesl friction
coefficient. The estimator design model is based on a sitigtek vehicle model. A parametric
estimation strategy has been employed to estimate theodidefeatures with a priori no
knowledge of specific tire models avoiding expensive experimental tests for their
characterization. The estimation of the sideslip angle is provided by both the developed
estimators.

The low computational load characterizing the proposed technique makes its implementation

suitable for electronic control units onboard car vehicles.

Furthermore, the proposed modssed monitoring methodology is suitable for improving
safety systems and driving aid tools in the automotive field.

1.3. Sliding seismic isolators: monitoring of instantaneous friction
coefficients for the management of wear galitions

Base isolation is a recognized effective strategy to mitigate structural damages during strong
earthquakes. A base isolation system consists of a flexible layer that separates the superstructure
from its foundation and lengthensfitmidamental period, with the final aim of reducing harmful
vibrations induced by seismic ground shakigg].[

Among the different types of seismic isolators, Curved Surface Sliders (CSS) are widely used
for the passive protection of buildings and bridgkanks to their high load bearing capacity

and large displacement capability combined with a compact desOgi].

In their original designd2,63], the CSS isolators (Fige1.3a) consist of a central pivot element

forming, in combination with two dar concave plates, two sliding surfaces.

The primary sliding surface accommodates the horizontal displacements of the superstructure,
providing a restoring effect through its curvature, and dissipating a certain amount of seismic
energy through frictionthe secondary sliding surface is aimed at accommodating relative
rotations between the superstructure and the foundations. For sake of clarity, h&reaftdr

‘* identify the radius of curvature, and the friction coefficient of the primary slidingce,
while'Y , and’ relate to the radius of curvature, and the friction coefficient of the secondary

sliding surface, respectively, wheré@denotes the height of the pivot element.
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A double CSS, or DCSS, (Rige 1.3b) is amodification of the original single CSS design that
includes two primary sliding surface®’( Y ), each one encompassing all the above
mentioned functions. The main benefit of the double CSS design, over the original single CSS,
is the reduction of itsiplan dimensionsg4], as each concave plate is sized to accommodate
one half of the total horizontal displacement.

(a) top concave plate (b)

bottom concave plate

Figure 1.3. Schematic representation of single CSS (a) and DCSS (b), and definition of main
parameters.

Theoretical and experimentdudies p41 66] highlighted that the nonlinear lateral response

of CSS units, i.e. effective stiffness, and equivalent viscous damping, depends on the
geometrical and friction properties of the sliding elements.

The typical kinematic of a CSS in the fmmntal plane is depicted in kigg 1.4 The relative
displacement between top and bottom concave plates at any point of the motion trajectory can
be resolved into its two componentsiiandwdirections, and the centre of the pivot element

|l ies on a straight |line connecting the cent
This relative displacement is partially resisted by restoring forces, produced by the effect of the

gravity in combination with theurvature of the sliding surface&7i 70].

Vs N

:‘xl‘/top plate
|

Figure 1.4. Planview of the typical kinematics of a CSS isolator.
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The other source of resistance to motion is the friction force, which is of critical importance as
it provides the energy dissipation of the isolation system and affects its recentring capability.
In this respect, it is noted that energy dissipation awcenteing capability represent two
antithetic requirements of CSSs, as the first requires high friction coefficients which on the
other side jeopardizes the restoring behavidbe energy dissipation is ensured when CSSs
are in sliding conditions, therefarwhen the sliding velocity is different from zero. During
sliding motions of CSSs, damping for dissipating the energy of the isolation system is
obtainable. The damping design in a Coulomb friction context is tricky because of a transition
between the tw states of sliding and adhesion. In particular, by considering the dissipated
powerd 3£ (7 » isithe friction force, while is the sliding velocity), a negative value

of the power is indicative of energy dissipation. Whens null, there is no dissipation.
Therefore, in the state of adhesion, there is no damping. In low friction conditions, i.e., for a
low friction coefficient, the friction force is low. Therefore, only little energy is dissipated. If
the friction is too high, theris the risk of sticking. Therefore, isolators involve in the state of
adhesion, in which the friction force is so high that the motion stops, and no further energy is
dissipated. Therefore, a proper design of damping using Coulomb friction constitutes an
optimization problem, where the friction coefficient has to be tuned in a relatively accurate way

to achieve the desired behaviour of sliding isolators.

Special sliding material pads coupled with stainless steel surfaces are used in the sliding
surfacedo control friction.

The sliding pads are usually made of a thermoplastic material, such as Polytetrafluoroethylene
(PTFE) or Ultra High Molecular Weight Polyethylene (UHMWPE), that provides low friction

resistance, high loalbearing capacity, stability the response durindiogcand durability.

Any deviation of the actual value of the coefficient of friction from its design value used in
analyses and in design of the isolation system can negatively affect the expected response of
the isolator and should be properly accednfor.

Such deviations are commonly observed during prototype testing of seismic isolators, which is
a crucial step in the design and implementation of seismic isolation systems. Proper assessment
of the isolatorés per f ondamato prevethesadequaay af systesnd b
performance to the desired levels of seismic protection. Modern standards, such as the
American Society of Civil Engineering Standard ASTH71], the AASHTO Guide
Specification for Seismic Isolation Desigr?], and the European Standard EN 15123),[set
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stringent limitations on the deviation from the design lateral performance of CSSs and DCSSs.
This deviation is mostly ascribed to the variation of the coefficient of friction of the sliding
material, which indrn may depend on standard material variability, manufacturing process, the
effect of thermedynamical parameters, such as contact pressure, sliding velocity, and
temperature, as well as contamination, wear and ageing of the sliding mateiésk [
Theexperi ment al guantities measured during t
forces and displacements, experienced by the entire isolation unit; however, such quantities do
not allow to directly assess the actual friction performance ofntiigidual sliding surfaces.

The friction performance is indeed generally evaluated by means of an effective coefficient of

friction, obtained from the measured lateral force and axial load on the isolation unit.

The effective coefficient of friction repsents an average of the friction coefficients at the
different sliding surfaces of the CSS unit, and, moreover, the contribution of each sliding
surface is different from the actual coefficient of friction at that sliding surface because of the
effect ofthe curvatureqg].

Therefore, the estimate of the friction coefficient from testing is generally crude and not enough
to accurately calibrate the friction property of each sliding surface, as required by theoretical
predictive models for such isolators.

To overcome this limitation, an estimation technique for the coefficient of friction of the sliding
surfaces of CSSs based on the Constrained Unscented Kalman filter (CUKF), is proposed.
The employment of the CUKF in various application fielti86¢,35,77] showed its superiority

over the other Kalman filter algorithms from an estimation quality point of view thanks to the

applicability of state constraints.

The estimator design model included in the CUKF algorithm is based on the Random Walk
model p4,29,32,33,77]. The goal is the estimation of the coefficient of frictiof§ and its
variability on the individual surfaces during bidirectional motions without requiring any
assumption on the underlying constitutive model.

Nowadays, bdirectional shaking table tests on structures implementing sliding isolators have
never been carried out worldwide so far.

Although these data could be obtained through numerical anak86]|[ the proposed tool

has been customized to hgpéed to displacemertontrolled loading protocols. This represents

the most suitable configuration for testing machines, like tltkérectional testing bench of the
EUCENTRE Lab (Pavia, Italy), and SRMD Lab (San Diego, California), dedicated to the
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frictional characterization of the sliding isolators as required by International Standards (e.g.
EN15129, AASHTO).

However, it is worth nothing that the suitability of a customized version of the proposed tool
(CUKF coupled with RWM) for the estimation ofghinstantaneous frictional properties of
sliding isolators under stochastic uniaxial displacements (recorded ground motions) has been

already proven inf7].
The proposed moddélased estimator can be employed as a monitoring tool for identifying

degradabn conditions of curved sliding surfaces of seismic isolators strictly dependent on their

frictional properties.
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2. OVERVIEW ON APPROACHES FOR MONITORING
MECHANICAL SYSTEMS

As the complexity of industrial systems increasksjlt diagnosis becomes crucial for
maintaining system safety and reliabili§l]. Many systems, such as printers, converters,
seismic isolators, and vehicles (railway and automobiles), can be represented through physical
mathematical models.

For monitoing these systems, the estimation of state variables and parameters for verifying the
health conditions of the considered one is required.

Therefore, different approaches, in particular mdmbeded ones, for estimating variables
functional to detect fatd and monitor health conditions of mechanical systems have been
developed over the years.

In general, a fault refers to an abnormal condition that may lead to reduction or loss of the
capability of a system or its component to perform a required function

On the other hand, a failure means the inability of a system or its component to perform its

required functions within specified performance requirements.

System health monitoring is a key feature for failure prevention and Condition Based
Maintenance (CBM)A health monitoring system needs to detect the development of a fault or
failure promptly, and the faulty components can be replaced effectivelytoensut he sy st
normal operationln other words, health monitoring is a process which allows observing the
behaviour of a system over time for identifying anomalies in its functiohmthe past few
decades, maintenance strategies have evolved frognreadtive maintenance to preventive
maintenance, then to condititmased maintenance. Reactive maintenance is usually performed

after system breakdown.

In order to prevent catastrophic failureshich cause emergency shutdowns, preventive
maintenance imtroduced. Thignaintenance strategy carried out based on system operating
time regardless of theurrent actuatondition. Preventive maintenance consists of regularly
scheduled maintenance activities to avoid future unforeseen failures.

In some case the failure of components of a system can have catastrophic consequences.
Therefore, these crucial components are routinely maintained or replaced in fixed intervals.

These intervals are chosen to carry out the maintenance before the risk of a tetdsitope
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becomes too high. The scheduling of previously mentioned intervals requires accurate
knowledge about how rapidly the degradation of a component proceeds, which might be
complicated to gain.

Preventive maintenance may sometimes reduce unexpected failures, but it is not cost effective
and cannot eliminate major failures. These conventional maintenance strategies do not satisfy

the demands of high reliability in modern engineering systems.

Fortunately, CBM can be an effective alternative, and it tries to avoid unnecessary maintenance
by taking maintenance actions when there is evidence of abnormality in a monitored system
[82]. The monitoring is based on sensor measurements and does maptrriermal operation.

It attempts to avoid excessive or insufficient maintenance and ultimately results in higher
system availabilityRegarding the economic efficiency improvement, the CBM constitutes a
good investment if the costs saved by the moieiefit maintenance are higher than the costs

for buying, installing, and operating the health monitoring system. The price of the health
monitoring system also depends on the number and type of sensors employed for the health
monitoring. Therefore, one afhe t asks is to obtain reliabl
current state by using a few inexpensive sensors, i.e., the number of the installed sensors should
not be unnecessarily high, and the used sensors should not be necessarily expensive.

For instance, in the railway fielf83], the forces acting in the whemlil contact are fundamental

for the operational safety of a railway vehicle because excessive forces cause track damage,
which in turn may cause accidents like, e.g., derailments. Howeveg $ensorg a rbé t
installed in the whediail contact of a rolling wheelset. Instrumented wheelsets, which can be
seen as the most precise devices for measuring sdieébrces, are equipped with strain
gauges so that the wheell forces are measuredhdirectly by measuring structural
deformations of the wheelset. Nevertheless, instrumented wheelsets are too expensive.
Therefore, they are installed only for test runs (homologation of a new vehicle), but they are
not suitable for regular railway vehéd used for commercial service. Therefore, for the health
monitoring of previously mentioned railway vehicles used for commercial service, less
expensive sensors, like accelerometers, must be used. Furthermore, as a general consideration,
the sensors have be installed to transmit the electric signals generated in the sensors to the

recording unit in a simple, robust and inexpensive way.
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In general, CBM includes three key steps: data collection, data processing and -aealsion

These steps are showm Figure2.1 Data collection step is to obtain data related to system
condition. Data processing is about handling and analyzing the data or signals collected for
better understanding and interpretation.

The purpose of decisiemaking is to recommeneifficient maintenance strategies. Diagnosis
is fundamental in CBM. The objective of diagnosis is to indicate whether or not a fault has
occurred and at the same time provide some information about the severity of th@dfault [

Data | Data | Decision
acquisition processing making

Figure 2.1 Threesteps of ConditiosfBased Maintenance

An overview of the principal monitoring approaches, focusing on the riadeld ones based

on Kalman Filters, is provided in thZhapter.

2.1 Monitoring methodologies

In general, there are three tasksfeult diagnosis, namely fault detection, fault isolation and
fault identification B5].

1) Fault detection:it is the first step of fault diagnosis and tries to detect the presence of
fault in the monitored system. Early detection of fault is very important before the fault
possibly causes a catastrophic failure in the system.

2) Fault isolation: given that a faulhas occurred and been detected, fault isolation aims
to establish possible fault candidate that can explain the observed abnormal behaviour.
For single fault diagnosis, the objective is to obtain a unique single fault that can lead
to the observationst inay not always be possible to determine a unique candidate given
the sensors available to the monitored system. As for multiple fault diagnosis, the goal
Is to acquire sets of faults that, occurring together, are able to explain the observations.

3) Fault identification: this step is to determine the magnitude of the fault and its type.

For abrupt fault, if multiple fault sets remain after fault isolation, then identification is
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required for each fault set and the fault set that matches the observatiomsoseigt

Is considered to be the true fault set. For incipient fault, the fault identification task is
challenging since certain dynamic degradation behaviour for this fault must be assumed
in advance and sometimes this prior knowledge is not easy tm olftdie severity of

the identified fault is acceptable, this severity will be used in the reconfiguration design
of the systemds control |l aw to achieve
identification result indicates that the fault is &®vere to be accommodated, then the

corresponding faulty component has to be replaced.

The nature of possible faulty situations may be classified into three types as follows:

1)

2)

3)

Incipient fault: slow developing and are usually related to the wear andoteidue
system components as shownHigure 2.2. It is relatively difficult to detect the
incipient fault due to its slowly developing nature of the fault and the compensation
effect of the systembs feedback contr ol
Abrupt fault: typically modelled as splike deviation and is usually persistent as
shown inFigure 2.D, whered is the time point at which the fault first starts. For abrupt
fault, it is crucial that the fault diagnosis scheme is able to detect the sudden change in
a timely manner to avdicatastrophic consequences. In such cases, early detection and
accommodation are the key objectives of fault diagnosis.

Intermittent fault: usually manifests itself intermittently in an unpredictable manner as
shown in Figure.2c. For example, a worautroller in a printer may no longer be able

to grip the paper consistently which in turn causes intermittent paper jams. A printer
with a wornout roller usually operates correctly but will infrequently slip and cause a
paper jam. Intermittent faults arerbao handle for several reasons as follows. First, if
diagnosis process is not performed continuously, it might due to the intermittent faults
that are not present when diagnosis is active. Second, fault signals are not persistent and
detection is not casistent. It is difficult, in this case, to distinguish between intermittent

faults and other types of faults like abrupt faults and incipient faults.
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Figure 2.2. a) incipient fault profile; b) abrupt fault profile; c) intermittent fardfile.

Basically, abrupeand incipient faults belong to persistent faults, which means that once they
appear, do not disappear, while intermittent faults do. In the following, various sources of faults

in the monitored system will be discussed.

U Component fault: deviation of parmeter value from its nominal one can cause
condition change in the system. For example, a flat tire fault in a vehicle will increase
the friction coefficient between ground and tire.

U Sensor fault:sensors provide signal measurements of a monitored syeteinconvey
i nformation related to a systembs behavi
when there are discrepancies between measured signals and their actual values.

U Actuator fault: actuators are the control effectors of a system. For most
electromechanical systems, control signals from the controllers cannot be directly
applied to the system. Actuators are required to transform control signals to proper
actuation signals such as torques and forces to drive the system. Actuator faults occur
when there are discrepancies between desired actuator output and actual actuator output

to the system.

These different fault sources are shown in Fiduge

1) Uncertainties:uncertainties in modelling can be due to a bad estimation of dynamics in
a system, a neprecise identification of the numerical values of the parameters or
variation of their values because of heat, time or working conditions.

2) Disturbances:disturbancesisually refer to noises in sensor measurements that are high
frequency signals. Other factors like unmeasured friction, unknown inputs and backlash

are also considered as disturbances.
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Output
Controller ——m Actuators | System B  Sensors !
Input
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Actuator Component Sensor
faults faults faults

Figure 2.3 Different faults in a monitored system

A gooddiagnostic system should be robust to various disturbances and uncertainties but still

maintain its fault sensitivity.

Fault diagnosis methods can be broadly classified into two types (as shown in Efure
modetbased method and data driven method.

For modelbased methods, models serve as knowledge representation of a large amount of
structural, functional and behavioural information and their relationship.

This knowledge representation is capitalized to create complex-etasereasoning leading

to construction of powerful and robust automatic diagnosis and isolation sys8éns |
Qualitative modebased approach provides an alternative when a numerical model of the
system is unavailable. It utilizes qualitative abstractions to model complersystale model
structure is well defined.

The models used in qualitative methods are relatively simple compared with numerical models.
The sensitivity of fault diagnosis system to modelling errors and sensor noises may be alleviated
[87]. Qualitative Simiation (QSIM) is a widely used modelling tool to describe continuous
model qualitatively 88].

This approach is intended to simulate the behaviour of physical systems using qualitative
values, rather than providing explanations for behaviours of physioa¢sses.

In [89], several faulty models are built using QSIM. The observed faulty behaviour is compared
with that from the faulty models to choose the faults set which occur in the system. However,
the faulty models determination needs prior knowledge.

In [90,91], QSIM based fault diagnosis is presented to handle multiple faults in continuous

devices. The qualitative modelling framework quantizes the state space utilizing landmark
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values and specifies qualitative relations between the quantized states, which leadsofo a s
qualitative differential equations. A fuzzy qualitative simulation method is develop8d]in [

The advantage of this method over QSIM based fault diagnosis is that if the observed behaviour
cannot match the predicted behaviour of any faulty moldelcandidate generator will check

the modified models whose predicted behaviour can match the observed one.

Therefore, the modified models selected from the generator will be used to determine the fault
candidates. The fuzzy qualitative simulation metbaa provide more precise information than
QSIM based method because the utilization of fuzzy sets leads to a more accurate representation
with respect to time. In continuous system diagnosis, time is an important factor to be
considered during algorithm sign.

However, it is difficult to choose appropriate fuzzy sets number and membership function
which is a common problem for fuzzy logic system design. In addition, there is no efficient

method to determine the number of modified models to be searcluwehiiglate generator.

Diagnosis methods

Y Y

Model based Data driven
Y Y Y
Qualitative Al Statistical
¥ v Y
Fault tree Qsim Qualltgtlve
physics
Y
Quantitative
¥ L Y

Parameter

Observer Parity space . .
estimation

Figure 2.4 Classification of diagnosis methods
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Fault tree was originally introduced in 1961 at Bell Laboratories by H.A.Watson, under a U.S.
Air Force Ballistics Systems Division project to evaluate the Minuteman | Intercotainen
Ballistic Missile (ICBM) Launch Control System.

The Boeing Company modified the concept for computer utilization later. Fault tree is now
widely used in many fields9B,94]. A fault tree is a model that graphically and logically
represents the varioumbinations of possible events (faulty and normal), occurring in a
system that lead to the top undesired event.

It is a structured methodology to determine the potential causes of an undesired event, referred
to as the top event. The top event usually represents a major aaadsing safety hazards.

While the top event is placed at the top of the tree, thesimstructed downwards, dissecting

the system with further detail until the primary events leading to the top event are known.

The tree usually has layers of nodes. At each node, different logic operations like AND and OR
are performed for propagation stsown in Figure.5.

Generally, a fault tree analysis includes the following four steps: (i) system definition, (ii) fault
tree construction, (iii) qualitative evaluation and (iv) quantitative evalua@gn [

Before the building of the fault treedatailed understanding of the system is required. To carry
out consistent diagnosis from fault trees, the trees should completely represent the system causal
relationships, i.e., explain all fault scenarios. However, no formal methods can be used to verify

the accuracy of the fault tree established.

system

OO® © M
Q0

Figure2.5 A faulty tree diagram
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Qualitative physics method usually derives qualitative equations from the differential
equations. In 96], a Qualitative Bond Graph (QBGhethod is developed based on the
combination of qualitative reason and bond graph modelling theory in order to benefit from
both methods. In QBG, qualitative equations form bond graph models instead of the differential
equations are used for fault analysis.

These equations representth® mponent s6 physical vari abl es
relations that can be stated directly from the model.

This is particularly suitable for modbhsed fault diagnosis because possible faults can be
localized through analysis of relations beem the component states and observed abnormal
behaviour qualitatively. Such qualitative algorithm is done using available measurement, i.e.,
the history of past data. Therefore, the qualitative behaviour equations are always written in
differential causaty [97].

Quantitative fault diagnosis method checks the consistency between actual system and its
behaviour model. Consistency checking is usually achieved through a comparison between the
information obtained from the real system and information cordpfrtam a behavioural
model. The resultant differences are called residuals.

Each residual should be theoretically zero or near zero when the system is normal but should
distinguishably deviate from zero when a fault happ88k |

A fault is detected by omitoring the trend of the residuals, which usually involves setting a
fixed threshold on a residual quantity.

The models should be insensitive to modelling errors and at the same time sensitive to faults.
In general, quantitative modbhsed fault diagrsis method consists of two main stages:

residual generation and residual evaluation as shown in R2ghire

Observation Residual Dia‘gr.mim,
. . .
Residual - Residual signa > Fault
generation evaluation diagnosis

Figure 2.6 General flowchart of a quantitative modeised fault diagnosis method

The residual generation is essentially a procedure faaitig fault symptoms from the system
measurements. In the residual evaluation, the trend of the generated résidsidsted which
usually involves setting a fixed threshold on a residual quantity. Adesipgned residual makes

residual evaluation process simple.
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Observer based fault diagnosis (Fig@g) is a weltknown analytical model based FDI
scheme, which compares the actual output from a system with reference output from an
analytical model.

An observetbased residual is simply the output estimation error itself or a combination of the
output estnation errors. Various nonlinear observer design techniques have been used for
residual generation, since no single, universal, optimal nonlinear observer exists for all
nonlinear systems.

The existing nonlinear observers have to be designed usually cedain assumptions on
system structure, system inputs, and/or the degree of the system nonlin@gritizdr
deterministic framework, Hammouri et alJq utilized highgain observers for fault detection

of control affine nonlinear systems.

Ding and Fank [L0]] developed adaptive nonlinear observers for fault detection. Sliding mode
observer is a useful tool for fault diagnosis.

Edwards et al. J02 used a sliding mode observer to reconstruct faults, with no explicit
consideration of the disturbanagsuncertainty.

Tan and EdwardslP3 is based on the work 0104, i.e., using multiple observers in cascade.
However, the observer that is used exploits a swgisting structure which will give a higher

degree of accuracy for the fault estimation.
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Figure 2.7 Observer based method for generating residuals.
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Since the disturbances of system under monitoring are random fluctuations with only their
statistical parameters known, one solution to the fault diagnosis problem in such systems is to
entailoptimal state estimate with minimum estimation error.

The Kalman filter in state space model is equivalent to an optimal predictor for a linear
stochastic system using inpoitput model. It is well known that the Kalman filter is a recursive
algorithm fo state estimation, and it has found wide applications in industrial applications.
Alessandri et al.]05 used extended Kalman filter for detection of actuator faults in unmanned
underwater vehicles.

In [106], an extended Kalman filter is proposed foe #stimation for an orbiting spacecratft.

The developed methodology decides if a sensor fault has happened, locates the faulty sensor,
and outputs the healthy sensor measurements.

Another approach for obtaining the residual generation is parameter estinTatis approach
assumes that the faults of a dynamical sys{emechanical systems, electrical systems,
biological systems, etcgan be reflected by the physical parameters such as mass, friction,
resistance, etc. Faults described as time dependent giaradnifts can be handled through
parameter estimatiori(7].

The most important issue related to parameter estimation method for fault diagnosis is the
complexity of the model. If the process model is a complex nonlinear model, then the parameter
estimdion problem is essentially a nonlinear optimization problem.

Another element of quantitative based method is residual evaluation, which determines whether
any faults have occurred by checking the residuals and their trends.

Thedecisionmaking rules usually are designed specifically for different prod€x. [

Robust fault diagnosis tries to minimize misdetection and false alarms by considering the
residual noises. Misdetection means missing to detect the presence of ay actuated fault.

On the contrary, false alarm refers to an indication of fault which in fact does not happen. There
are various approaches to generate robust residuals, which are insensitive to modelling
uncertainties and measurement noises.

One of the obust methods, known as active approach, is based on generating residuals that are
insensitive to modelling uncertainties, but sensitive to faults.

Some techniques like unknown input observer and robust parity equations are proposed to
achieve active rolat performancelf09i 111].

An alternative approach to achieve robust, called as passive, attempts to accomplish robust in

the decisiormaking stage. In these methods, the effect of the parameter uncertainty is
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propagated to the residuals and then an adaptive threshold is usedlop ¢nese residuals to
achieve robustl12,113].

It can be concluded that one of the major advantages of the quantitativebaseelmethod

is the ability to incorporate physical understanding of the underlying process into the
monitoring scheme.

Howe\er, several issues such as system nonlinearity, process complexity and lack of accurate
data make it difficult, sometimes even impractical, to construct an accurate analytical model for
the system.

All these factors limit the usefulness of this approacteal industrial applications. In contrast

to the modebased methods where a priori quantitative or qualitative knowledge about the
system is required, only historical data is required by data driven based approaches.

There are different ways in whichis data can be represented as a priori knowledge to a
diagnostic system. This process is known as feature extraction.

Data driven diagnostic approaches can be broadly classified as statistical methods and Artificial
Intelligence (Al) methodsl14].

There are some limitations to those methods which are based solely on historic process data.
One limitation is their generalization capability outside of the training data.

Besides its lack of generalization ability, neural networks also have a difficulgaimg with

multiple faults. This limitation leads to an outstanding distinction between rbadel

approaches and data driven methods.

Condition
monitoring based

l ‘,

Model based Data driven

Figure 2.8 Typical methodologies for diagnostic purpases
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2.2. Model-based monitoring approach: theKalman Filter

The condition monitoring of mechanical systems can be made through-basael techniques
based on the Kalman Filte29]. The Kalman Filter is a stochastic state observer employable
for reconstructing the state of dynamical systems, inctsg, of mechanical ones.

Kalman Filters are typically employed for monitoring purposes or to emulate sensors in

feedback control systems.

The Kalman Filter is a two steps estimator. In the first step, called prediction, the filter allows
for predicting the state variables for monitoring the desired system through a mathematical
model of this latter.

The developed model, called estimatorigiesnodel, must be able to capture, correctly, the
fundamental dynamics of the system to be monitored.

In the second step, called correction, the predicted variables are corrected employing
measurements obtainable from the real system equipped with setygically affected by
uncertainties and inaccuracieS.he estimated state is assumed to be a Gaussian Random
Variable (GRV).

The predictiorcorrection algorithm is recursive. The Kalman Filter is suitable fortnee
applications. The same inputs affecting the real system and the measurements provided from
this latter are required for employing the Kalman Filter as atialmonitoring tool.

The Kalman Filter is largely applied in technology.

A common application is foguidance, navigation, and contadlvehicles. In the mechanical
system field, it can be applied for different systems as road vehicles, engines, atilreiu

railway vehicles, etc.

In this work, the Kalman Filter has been employed for monitoring three types of mechanical
systems: the railway vehicle, seismic sliding isolators and the road vehicle.

State variables and parameters functional for manggeurposes have been estimated through
nonlinear Kalman Filters. In particular, the Constrained Unscented Kalman EjR¢es, [5,33]

and the Extended Kalman Filf&9] have been chosen for this purpose. Starting from the linear
Kalman Filter, an overeiw on these moddlased stochastic estimators is provided in their
discretetime form, particularly functional for the implementation in computational

environments.
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2.2.1 The linear Kalman Filter

When the system to be monitored can be modeladinear timeinvariant (LTI)one[29], the

linear Kalman Filter is suitable for state estimation.

Considering a linear discretene system given as follow29):

° 3 ° T O o (2.1)

where:
1 e isthe state vector of sizé p , at the current instaikt
1 e isthe state vector of sizée p , at the instank-1 preceding the instarkt
T ¢ is the input vector of sizé) p , at the instank-1 preceding the instakt
f 3 isthe state transition matrix of size ¢ ;
T 7 is the input matrix of size¢ 1 ;
f 3 isthe output matrix of size] ¢ ;
1 « isthe measurement vector of sifg p , at the current instak
 ogando are Gaussian white noises representing the process and the measurement

noises, respectively.

The noises: ando are characterized by known covariance matrfgeandd , respectively.

oo X ﬁlf
o X h
0o o L (2.2)
Oo o =| ‘|
Oo o
where is the Kronecker delta function: thatjis, pif Q "Qand nif Q "Q

The expected value of the generic random variahfeindicated withO @ .

The aim of the Kalman Filter is to estimate the swmtebased on the knowledge of the

consideredystem dynamics and the availability of the noisy measurements
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If all the measurements, including them at the time ins@rare available for making a
correction of the prediction @f , then it is possible to form tleeposteriori estimationdenoted

ase . The "+" superscript denotes that the estimaticapssteriori.

One way to form the @osteriori state estimation is to compute the expected value of

conditioned on all the measurements for each time ingfaotuded intherange 0 Q
ADT OO AMEGEQ Bé O EQ of 30hd B Mo (2.3)

If all the measurements before (but not including) ti@se available it is possible to form the
apriori estimation denoted withe . The ™" superscript denotes that the estimatepsiari.
One way to form the griori state estimation is to compute the expected value of

conditioned on all the for each time instamcluded intherange 0 Q p:

AD OEA @EE | gé O EQ of 300 1B Mo (2.4)

Therefore, it is intuitive for understanding that the estimation obtainable theoughmore
accurate tham for the greater quantity of information employable for its calculation. The

initial estimation ofe e is indicated withe , and it is computed as follows:

PY Oe (25)
I denotes the covariance of the estimation error, in particular:

i || denotes the covariance of the estimation errer of

i || denotes the covariance of the estimation errer of

The Aa priori o and fia po s tneationh enorj abe canpuied asi a N

follows:

/ﬁ :8: * v (2.6)

The estimation procedure through time is represented in FRyQreAfter processing the

measurement at tim&) p), the estimation ob (denoted withe ) and the covariance
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of the estimation error related @ (denoted with| ) are obtainedAt the time instanQ
precisely before the measurement processing at that time instant, the estimeti¢tenioted
with e ) and the related covariance of the estimation €denoted with||- ) are computed.
Finally, the measurement processatgime instantQfor obtaining the corrected estimation of
e is made The obtained estimation of is denoted with® , and its covariance is denoted
with || .

k—1 k

Figure 2.9 Timeline showing a prior and a posteriori state estimates and estimation error
covariances.

The initialization of the Kalman Filter is made by imposing the initial condiéon e
‘O e , wheree is the best estimation of the initial state Therefore, the a priori estimation

of e at time instantQ p can be obtained as follows:

[ ) 3 e T <> (27)

Therefore, it is possible to extend the Equat@i) for each time instan@

The Equatior?.8 is calledprediction step of Kalman Filtéor obtaining the estimated state
No measurements are employed for computing the prediction. Therefore, during the prediction
step, only the knowledge on the system dynamics is required based on a mathematical model

of the system to be monitored. Tlpeediction stepalso includesthe propagation of the
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covariance matrix of the estimation erfjarDuring the initialization of the Kalman Filter, the

covariance of the estimation error is represented by the following Equation:

I Oe e o o (2.9)

Therefore,| represents the uncertainty of the initial state estimatiorif the knowledge of
the initial states is perfect, the} can be selectedds 1k where kis the identity matrix.
If the knowledge of the initial state is poor, then|} can be assumed ds © Hk For
obtaining the a priori covariance of the estimation elfrobased on the knowledge Haf , the

following Equation is adopted:

N R (2.10)

Equation2.10 is obtained from the discreiene Lyapunov equation2p], and it can be
extended for each time instaft

F s F 3 Ik (2.11)

where, |k is defined as the covariance matrix of the process nois@he covariance matrifk
represents the confidence in the mathematical model representing the system to be monitored.
High values Of||f indicate the presence of big discrepancies between raodeteal system.

Low values ofl- indicate the accordance of the model with the real system.

The a priori estimatiom must be corrected through the available measurements for obtaining
the a posteriori estimation . Therefore, adopting the recursive least squares me2@hdte

correction step of Kalman Filtés described by the following Equations:

° ° L 7 ® (2.12)
Py b ey g

where L is the Kalman Gain matrix. The difference 5 e , called innovation

represents the gap between the available measurements from sersuaithe estimated ones

(| -_”..
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r’_r%mant Update “Correction”

Time Update “Prediction” 3. Compute the Kalman gain
1. Project the state ahead Ky = Py HT(HeP;HT + Re)™!
£ = F,,_,j::_l + Gr—itik_1 4. Update estimate with measurement
2. Project the error covariance ahead £y = & + Ki(u - Hedy)
Pr =Fo Pt FT . 4+ Qs 5. Update the error covariance
e e Pt = (- KuHo)P(I - KeHy)T+

t - KkRkKE_

Initialize for 25 and Py

Figure 2.10Recursive algorithm of the Kalman Filter.

If the innovation tends to zero, the Kalman Filter is able to estimate the available measurements
correctly. Therefore, the contribution of the Kalman Gain is not significant for the correction
step. If the innovation is represented by a great value stiraaged measurements are not in
accordance with the available ones. Therefore, Therefore, the contribution of the Kalman Gain

is fundamental for obtaining a reliable estimation of the state variables.

In the following, the complete recursive algorithntloé discretdime linear Kalman Filter is

shown:

1) the systendynamics argiven by the followingequations:

) =| [ ] T 0
[] ﬂ [ o
O o ||f 1 (2.13)
Oo o 9
Qo o

2) theKalman filter is initialized as follows:

° Oe

. (2.14)
||— O o e o °

3) the Kalman filter is given by the followirgguations, which are computed for each time
stepQ plgs :
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F s Fa
ol
ADOED @EDOEI ORI Te 7 ¢ (2.15)
ADT OO ROXERGIEEJe AR L « 5 o
e N L B

2.2.2 The Extended Kalman Filter

The ExtendedKalman Filter (EKF) is one of the most famous nonlinear formulations of the
Kalman Filter. The EKF is typically employed for the estimation of state variables of nonlinear
systems. The nonlinear system is linearized around the Kalmandsilieration based on the

linearized system.

Considering anorlinear discretdime system given as follow&9:
(2.16)

where] and | are the nonlinear state transition function and the measurement function,

respectively. The state equatien l e M o can be expanded in Taylor
series aroun@® e and:x . Therefore, the following form of the statguation
is obtained:

.|.ﬁ<>ﬁTl..TT%

T L4 (] [ ]
. ) FK) F] 3 ) ) 4 - (2_17)
3 (] . (] FK) F] 3 ® d ;
i 9
wheres .. , ancH .— . The transformed process noise , and the

known input signad are computed as follows:
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O l e I h 3 @

The measurement function is linearized aroend e ando as follows:

Te. ro.
| oh 7 ® e I o (2.19)
T ® I .FI T ® gl O
@ ) O
whereq] ! , and —! . The transformed measurement naiseis defined as
follows:
ox R 44 (2.20)

Equations(2.17) and (2.19) represent a linear stagpace system and a linear measurement
function. Therefore, Equations of the linear disctetee Kalman filter can be employed for

the state estimation. The recursive algorithm of the EKF is defined as follows:

PREDICTION

(2.21)
Foa o7 4 F 4
CORRECTION
| I.ﬁ 1 [ }
L U 41
Fa 2 = 1 (2.22)

e o L 7 ® > o L Ioﬁ
e

The EKF consists of a predictoorrector stochastic state estimator. The representative

algorithm is summarized as follows:
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1) state transition and measurement functions are given as follows:

| « fo
oX E]F (2.23)
o X
2) the EKF is initialized as follows:
° Oe
I Oe o o o (2.24)
3) for'Q pltiB hperform the following:
a) compute the following partial derivative matrices:
iy |
1 Te .
4 TT._ (2.25)
b) perform the prediction step as follows:
rs s 4
e B e+ R nh (2.26)
c) compute the following partial derivative matrices:
|
T T..
g 1l (2.27)
To,
d) perform the correction step as follows:
L by 3 s 144
° ° L I e h (2.28)
P Bk
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In Figure 2.11 the algorithm of the EKF is represented considering both the process and

measurement noises covariangeandd as diagonals and constants.

EKF Initialization > Prediction Step
2§ = E(zo) Pl i = fua(Fy, l::-:-ﬂl with | Fesr = Bfx-1
Pf = El®o-23)(zo~ 2§)7] Py = PP Fe + Qi Oz lg
Update Step
Kie = PJHT(HoP HT +Re)™ Oh | <
if = [ + Kilye - he(25,0)) with He = 45 .
Pf = (I-KHo)Pf .

Figure 2.11The EKF algorithm.

2.2.3. The Unscented Kalman Filter

The EKF is the most widely applied state estimation algorithm for nonlinear systems. When the
system nonlinearities are severe, the EKF gives unreliable estimations.

The principal cause is the system linearization for propagating the statisticsp$tim state.

A more accurate state estimation can be obtained by employing the Unscented Kalman Filter

(UKF) to reduce the typical linearization errors produced by the EKF.

The UKF R9 has been proposed bg7] and further improved28]. Since UKF doesot

require evaluating Jacobian and Hessian matrices, and has superior accuracy compared to EKF
in terms of approximating the statistics of highly nonlinear systems, it is suitable for estimating
fairly complexsystem dynamics.

The statistical propertied @ random variable in the unscented transformation are described
with sigma points. As a consequence, the statistical behaviour of the transformed random
variable is obtained by applying the nonlinear transformation to the sigma points.

The UKF algorithm is briefly described in the following, since it has been employed for a

comparative analysi€onsider the following discretized nonlinear state space system:

¢ I .l ¢ FQO (2.29)

wheree ¥ 4* is the ndimensional vector of system stfffand Jare nonlinear functions, is

the input vector;: is the process noise characterized by the covari&nceN =|D is the m
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dimensional vector of measurement,is the Gaussian white measummh noise with
covariance| andk is thek-th time step

The main task is to estimate the system state, i.e., calculate the mean as well as the covariance
of system state at thd&+1)-th step, based on the state estimation atkttie step and the
measurements at the currektl)-th step.

Asetofci  psigma points: s i With associated weightg are chosen symmetrically about

e as follows:

Lsh ®s. T —
sk % e afs . o — (2.30)
=5 ®s ¢ Qs . ¥ -

where T s theith column of the matrix square root of the error covariance mjhtex,

3 Is the weight associated with the corresponding poinf@isda tuning parameter. The set

L ande s have the same weighted mean due the symmetric placement of thepsigta@and

since the weightg sum is one. Therefore, the weighted covariance matrix of the saniple

equal tol} ¢ :

ks T h*si ®s *sip @5 (2.31)

The predicted set of sigma points are obtained by applying the nonlinear state transition function

Bt to the sigma points:

*» 7 Je A Q nph 288 (2.32)

Given the filtered state estimates; , which have been obtained using all the measurements
made up to timeé , and the input , the predicted state estimates ¢ and the error

covariance matrij} ¢ can be obtained as follows:
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(2.33)

s Fr® sh ® ¢ * i ® ¢

Propagation of the sigma points through the nonlinear measurement fujdtigmovides the
predicted measurements:

e sn |* (i h Q mph &8 (2.34)

and the covariance matrix of innovations anddhesscovariance matrix between predicted

state estimate errors and innovations are computed as

(2.35)

where

« s T hE s h (2.36)

Finally, the updated state estimates and the error covariance matrix of updated state estimates
are

S
Foe b e b s oot (2.37)

where

L s b 2.38)

is the Kalman gain matrix.
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2.2.4. The Constrained Unscented Kalman Filter

The CUKEF is used to improve the accuracy of estimation of the UKF, taking into account
constraints of state variables. The employment of this estimator is required to take into account
the nonlinearities of the system that are introduced as elements afignented state vector

[29]. The CUKF is a twestep estimator, particularly functional for réghe processZ9,35].

It uses the unscented transformation to propagate the state and the estimation error covariance
over time. The state distribution is repented by a Gaussian Random Variable (GRV) and the
unscented transformation completely captures, through the sigma points, the true mean and
covariance of the GRV that characterizes the state.

The sigma points are propagated through a nonlinear trareformto obtain the statistical
behaviour of the transformed GRYV of the state.

The CUKEF algorithm is briefly described in the following. Consider the following discretized

nonlinear state space system:

° . ° F{) .
Ie i (2.39)

wheree N 51 is then-dimensional vector of system stdpand ] are nonlinear functions,

is the input vector;: is the white process noise characterized by the covari%nce A is

the mdimensional vector of measuremeantjs the Gaussian white measurement noise with
covariance=| andk is thek-th time step.  being the estimations, the following initializing

conditions are considered for the estimated state (2.40) and for theaaoiance (2.41):

e Oe (2.40)
U Oe e e o (2.41)

with E the expected value. These two conditions can be determined if all the measurements
before (but not including) tim&@are available. In addition quation (2.39), bound constraints

are applied to the states as:

° e o (2.42)

The employment of state constraints, expressed by the Eq. (2.42), allows to limit the variability

of the estimated states, taking into account their physical acceptance limits.
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The sigma points30] are a set of points, whose sample mean and sample ac@dre
and | ¢ ,respectively.A set ofc¢  p sigma pointst ¢ ; areselected along the following

directions to compute the statisticseof

Yi Fs N v & F s (2.43)

where |3 s Is thei-th column of the matrix square root of the error covariance matrix

||- s corresponding to the estimated statg at ti me i nstanRyfar&lo. Th
sigma points, for the simple case when only bound constraints are considetszlpesgiormed

as follows B3:

Pr Pp C'X'QEPHFPH h Q pﬁ 888 h
Py G Qe TP P h Q ph &88 h
o [ J o . - [
Pr a'Oikh— <+ REZE;, mh'o pfxhéc (2.44)
h
I3 \ L L s N Z ~ ~ ~
Py aQékh hE At m'Q ph &88 h

where the subscriptrepresents thgth element of vectos and Il is a tuning parameter that
incorporates high order information.
The CUKF algorithm ensures that all the sigma points are within the bounds on state variables.

Using a linear weighting method proposeddg|] the weights of all of sigma points are deine

as follows:
T GhQm
T h A1 .
T r Pr «hQph &88 (2.45)
where
. ¢l
©TE 10 ¢ pw T
. 0 % (2.46)
¢& I cqpE Ti ¢ pure
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and

s PrvY (2.47)

The weighted covariance matrix of the sanwlis equal tof}  :

ks T h®*sh ®s %*sn @5 (2.48)

Applying the nonlinear state transition function to the sigma points, the predicted set of sigma

points are obtained as follows:

* 7 B0 Q mph &88 (2.49)

and the predicted state estimation and the relative error covariance matrix are

(2.50)

The sigma points that anetcontained within the bound constraints are moved onto the bounds
during the prediction step, while the sigma points within the boundary are moved consequently

to make the distribution of the new set of sigma points around the GRV

Propagation of the gma points through the nonlinear measurement equation provides the

predicted measurements:
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e sin f* <& h Q mph &8 (2.51)

and the covariance matrix of innovations and the ecosariance matrix betweegmredicted

state estimation errors and innovations are computed as:

F e ThRE sh ¢ s B shA € s 1
(2.52)
F s TAH® sh ® s B sh €
where
« s T hE s h (2.53)
Finally, by computing the Kalman Gain
L Faos b s (2.54)

it is possible to update the estimated states and the relative error covariance Thatrix.
transformed sigma points, for the constrained state estimation, are determined by means of

Kalman updating equation:

& o o5 & o5 Lo e ¢rh'Q mph &88 (2.55)

in accordance with the method proposed3ig.
The transformed sigma points are obtained by the updating equation in the correction step.
When the update state estimation exceeds the boundary, sosfertreed sigma points that

violate bound constraints are projected to constrais [

With# ¢ calculated byEquation(2.55), the state update ¢  and its covariance

||- s  can be calculated using the following equations:
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® s T A%* s K
(2.56)
”‘s Th* s o ® s  * 5 5 @
FoLo4 o

The choice of constraints in the CUKF is naturally connected to the estimation model and the
variability of these states.
Figure2.12summarizes the discretiene form of the CUKF algorithm.

¥ |

PREDICTION ALGORITHM UPDATE ALGORITHM

1) Sigma Points X calculation, symmetrically 5) Sigma Points computation through the measurement
distributed about % along the directions function
(J'Pk\k)f and — (/P ),» taking into account the YVierajii = (X psaprir Ure1)

state boundaries x;, < x < x e .
L="="U 6) Prediction of the estimated measurements

2) The predicted set of Sigma Points Prrije = oo Wii¥ i
Xier1jki = f (Xkuuuk) 7) Kalman gain matrix computation
-1
3) Prediction of the estimated states Kiv1 = Poyierrjie(Pyyicran)

& 8) Updating equations of the estimated states and of the

X+ = Z WiiXicrappei estimation error covariance
i=0

= — V'2n
Rerkts = Dico WrilXkr1ki T Ker1Verr — Yiera )]
4) Prediction of the estimation error covariance on N
matrix Piiajirr = XiZo Wiei (Xiepierni — Riera i) -

= (Xper1jerri—Resajper)” + Qi + Kip R K7,
Prpaje = DT Wi (K1 — Rraage) - . : e
Kt jei—Ferie)” + Qu

i | 1

INITIALIZATION

» Initial state vector x,
» Initial covariance matrix P
# Input vector uy,

Figure 2.12The CUKF algorithm.

54



2. OVERVIEW ON APPROACHES FOR MONITORING MECHANICAL SYSTEMS

2.2.5Parameter estimation through nonlinear Kalman Filters

State estimation theory can be employed to estimate states and unknown parameters of a system
[29]. The state transition function representative of the system to be monitored becomes

nonlinear when untown parameters are introduced in the estimation process.
The state transition function is also called the estimator design model.

Consider a discreteme system model having system matrices dependent in a nonlinear way

on an unknown parameter veciar

) q = [ ] 1l —) 4 [ (2 . 57)
(] A =1 J O
For notational convenience in the mo¢etjuation(2.57) is assumed that the measurement is
independent ok= The dependence of onemCan be included easily for parameter estimation

purposes.

For obtaining the estimation of the paramadethe vectowsis inserted in the state vecierto

obtain the augmented state veator

. (2.58)

If = iS constant, then

- - O (2.59)

where == is the estimated parameter vector at time indtaand:  is a small artificial noise

term that allows the Kalman filter to change its estimaticasof
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The augmented system model can be written as

(2.60)

The augmented state transition functffj® R0 h> h>  is a nonlinear function of the
augmented state . Therefore, the linear Kalman Filteannotbe employed for estimating
unknown system parameters included in the augmentedestate

Any nonlinear Kalman Filter can be used to estimate the augmented state

The possibility to estimate system parameters constitutes a methodology for rmgnito
mechanical systems.

The knowledge at each time instant of one or more parameters values allows to monitor
mechanical systems, as an example, based on a known value of the monitoring parameter.
Abnormal variations of the estimated parameters fronkittesvn one is indicative of fault or

malfunctions presences.
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3. DEVELOPMENT OF ESTIMATOR DESIGN MODELS
FOR MODEL -BASED MONITORING SYSTEMS

Modekbased estimation techniques for monitoring purposes, such as Kalman Filters, require

the modelling of the system to be monitored for making estimations.

In particular, the prediction step of Kalman Filters is based on the previously mentioned
modeling constituting the state transition function, typically called the estimator design model.
The condition monitoring of mechanical systems through mbdetd estimators is made by
estimating state variables and parameters indicative of operative, healtllegradation

conditions of systems to be monitored.

The development of estimator design models able to capture the fundamental dynamics of the
real system is crucial for obtaining reliable estimations through rideld monitoring
systems such as Kahn Filters. Therefore, three general aspects have to be taken into account

for developing reliable moddlased estimatofer monitoring purposes of mechanical systems

U sufficient accuracy and reliability of estimatioriee monitoring system must lable
to indicate the current actual state of vital components with sufficient accuracy, ensuring
the prompt detection of faults and false alarms, which negatively impact economic
efficiency and cull the reliability of the monitored mechanical systamthermore, the
modetbased estimator must be able to detect the current state of components to be
monitored without having direct access to those latter through information obtainable
from the estimator design model and sensors not connected to the components
concerned;

U low computational effortthe algorithm, representing the modhelsed estimator, must
be carried out very fast to obtain the typically sought requirement oftimeal
applicability. Mobile systems, such as railway and road vehicles, mustscaati/and
lightweight electronic control units with reduced energy consumption;

U recursivebased modelling approacthe estimator design model must be developed in
a strictly connected way with the requirement of a low computational effort. Therefore,
the estimator design model must be simple by describing the dynamics of mechanical
systems to be monitored through plegsior stochastics reduced order models. The

estimator design model constitutes the state transition function of Kalman Filters.
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Therefore, the estimator design model must respect the recursiveness of Kalman Filters
algorithms, avoiding iterative modellirapproaches. Indeed, estimator design models
are typically developed through physical law based on ordinary differential equations,
which preserve the recursiveness property.

In this work, nonlinear Kalman Filters are employed as monitoring tools for mechanical systems
concerning railway vehicles, road vehicles and seismic isolators.

A description of the developed estimator design models to be included in nonlinear Kalman
Filters for monitoring purposes of previously mentioned mechanical systems is provided in this

chapter.

3.1 Estimator design model for monitoring railway antryaw
suspension components

The modelbased monitoring approach developed for monitoring the headttiitions of anti

yaw dampers of railway vehicles consists of a Constrained Unscented Kalman Filter (CUKF).
The estimator design model developed for inclusion in the CUKF for making estimations has
to be able to describe tihalway vehicledynamics withsufficient accuracy

At the same time, it has to be simpleewable a loncomputational load. Some physical
considerations are important to design the estimator correctly.

Different types of hunting motions are observable in railway vehicles. Carbody hunting motion
is characterized by relatively large lateral and yaw oneseot@nbody and a relatively low
hunting frequency of around 1 Hz1H]. Bogie hunting is characterized by small motions of
the carbody and a higher hunting frequency starting around 4 Hz and grows notably with the
running speed. For a higher hunting frequenthe lateral acceleration of wheelsets and,
therefore, the lateral whegdil guiding forces increase (Figure 3.1). Due to the higher lateral
wheelrail forces, bogie hunting is more dangerous than carbody hunting. Carbody and bogie
hunting motions statly depend on different factors related to the mechanical design of the
vehicle, including the stiffness and damping parameters of the suspension, theaivheel

contact geometry and the running speed.
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Figure3.1 Hunting oscillation of a wheelset .

The estimator design model is developed considering bogie hunting because it is more
dangerous than the carbody one due to the higher lateral-vaiidekces The bogie hunting
motionis more critical regarding operational sateétye bogie hunting generates small motions

of the carbody, which weakens the coupling between the carbody and the two bogies. Therefore,
the interaction between the two bogies can be neglected, allowing fodeangionly one

bogie in the estimator design model.

The estimator design model is constituted by a half vehicle Gdayassumption of employing

the half carbody is acceptable for developing the estimator design model because it is designed
in a scenarioof bogie hunting, in which the lateral translation and the yaw rotation of the
carbody are very small. Therefore, the lateral translation is considered, observed and measured
at the pivot (connection point between the carbody and the leading bogie lie Bigu The

yaw rotation of the half carbody is neglecté@tie half carbody, the leading bogie frame, and

two wheelsets of a detailed fidbdy railway vehicle model are the components of the estimator
design model. The half vehicle body model has sewegregs of freedom (DOF). The
considered DOF for each body are summarized in Takl&urthermore, the considered lateral

and yaw motions in the estimator design model are coupled by the hunting motion of the
wheelsets, defined as a motion composed efdhtranslations and yaw rotations, and by the

design of the bogie.

Table3.1 DOF for each body of the estimator design model
Body DOF

Half carbody @ D Lateral displacementq )

Leading bogie frameiy | Lateral displacementy) Yawangle { )

Leading wheelset)( ) | Lateral displacementy ) Yaw angle[( )

Trailing wheelset{ ) | Lateral displacementq ) Yaw angle[( )
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The half vehicle body model has been considered to describe the fundamentehhatea
dynamics that affect the guidance of the railway vehresulting forces and moments acting
between the wheelsets and the traid the measurements that can be made on board.
Therefore, the longitudinal dynamics is neglected based on itsiplewyp from both lateral
translations and yaw rotations due to the symmetric structure of the bogie concerning the
longitudinatvertical plane and the linearity of springs and dampers of primary and secondary
suspensions considered in the estimator desigdel. With reference to Figur&.2 the
estimator design model is based on the railway vehicle dyna2®Elf. The developed
estimator design model is a mechanical model based on the multibody approach, which
constitutes the standard method for modelling the dynamics of railway vehitieshalf
vehicle body model is described by the following equations:
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Figure3.2 Plan view 6 half vehicle body.
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where'O s the resulting lateral contact force (normal and tangential) acting on the wheelset
(i=1 for the leading wheelset aiwR for the trailing wheelset) including both contadts, is

the total moment due to the contact forces on the wheelseis the lateral displacement of

the wheelsetww andw are the lateral displacements of the bogie frame and vehidle bo

respectively] is the yaw angle of the wheelset, is the yaw angle of the bogie frame.

This kind of model has to be completed with a wiraélcontact force and argiaw damping
estimator in order to have a complete estimator design model.

A random walk model (RWM) approach, already known in other fields of the engineering
[26,55], has been employed to estimate the winaiblcontact forces without using a specific
contact force model.

This approach takes into account of the parameteiatigar that influence the wheeil

contact and is independent of track irregularities. The RWM is based on a model characterized
by random approach on the force and moments and on thetirfiestlerivative:

Q nn’Q
- o mQ © (3.2
where"Qrepresents the force (or moment) to be estimageis first-time derivative, and:

is the random white noise.

The RWM technique allows for equipping the estimator with no specific model of the-wheel
rail contactbehaviour.
The wheelrail contact forces, moments and their fiiste derivative are considered as states

of an augmented state vecto8]2

The augmented state approach is also used to estimate tyavardamping by means of a
parametric estimationtraitegy R9]. At this step, the complete estimator design model, based
on the introduced random walk model and on the parametric estimation of thewanti

damping, in continuous time domain can be given by:
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"0 is the resulting lateral contact force acting on the wheelsetf@nd is its firsttime
derivative,0  is the total moment on the wheelset due to the contact forces ands its

first-time derivative iE1,2 for the front and the rear wheelset, respectively).

So, the state vector of the proposed estimator design model is given by:

S
O
=%
O
S
O
oy

b (3.9

f
Fru)

SF =
=2

The symbols and the parameters values are given in Babdend refer to a simplified model
of the Eurofima passenger coa@iT], which is based on a detailed model described in a report
[118] by the European Railway Research Institute (ERRI).

62



3. DEVELOPMENT OF ESTIMATOR DESIGN MODELS FOR MODEBASED MONITORING SYSTEMS

Table3.2 Parameters of Eurofima railway vehicle for the estimator design model

Symbol Description Value
a ,a leading wheelsets mass 1503 kg
‘0,0 leading wheelsets yaw inertia 810 kg nt
a bogie frame mass 2615 kg
0 bogieframe yaw inertia 3087 kg
a half vehicle body mass 0.5 32000 kg

primary longitudinal stiffness per wheelset | 2 31391kN/m

primary lateral stiffness per wheelset 2 3884 kN/m

0 primary longitudinal damping per wheelset| 2 15 kNs/m
0 primary lateral damping per wheelset 2 15KkNs/m
o) antryaw stiffness per bogie frame 2 161.7 KN/m
o) secondary lateral stiffness per bogie frame 2 160 kN/m
0 secondary lateral damping per bogie framg 2 20 kNs/m

. antryaw damping per bogie frame in no faul;
0 condition 2 175 KkNs/m
. distance of the wheelset from the bogie fran
W : 1.28 m
centre of gravity
&) lateral semi distance of primary suspensior] 1m
. lateral position of bogitame end of artyaw
a : 1.41m
damper from bogie frame centre
q lateral position of bogie frame end of secondg 1m
lateral stiffness from bogie frame centre
i half of wheelset contact distance 0.75m

The CUKF has been designed fréquation 8.3) taking into account that the measurements

come from two differentonfigurationsof sensors mounted on the vehicle.

The first configurationis composed of four accelerometers, which measure translational
accelerations, and one gyroscope, which measures angular velocities. These five sensors in total

measure the lateral accelerations andw of the two wheelsets, the lateral accelemtb

and the yaw angular velocity of the bogie frame and the lateral acceleratibn of the
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vehicle bodyat the pivot The secondconfigurationis composed of three sensomne
gyroscopeand two accelerometers to measure the motions of thie framew and’ and of

the carbodyw , but not the accelerations andw of the two wheelsets.

The configuration with three sensors has been considered to avoid possible corrupted
measurements obtainable between wheelsets and ralgthiaccelerometers. Axle boxes,
constituting unsuspended masses in railway vehicles, are included in the structure of wheelsets.
Typically, accelerometers are mounted on axle boxes. Therefore, since theaithemttact

is very stiff, there is practidgl no suspension action between the wheelset and the track. As a
result, the wheelsets follow each track's irregularity, and, especially at high running speeds,

very high accelerations occur, corrupting measurements produced by accelerometers.

The measurement vector of the proposed estimator design nusded thefive sensors
configuration is given by:
« o hoho i (3.5

while the measurement vectoy considering a thregensorsonfigurationis:

« o hhoh (3.6)

Measurements are provided to the CUKF by obtaining them from a detailed multiooidy
of an entirerailway vehicle developed with the software SIMPACIKL.

The discrete time form of the estimator design model is described bglltveing equations:
o . [ ) i (37)

wheref|and || are the state transition function and the measurement funetamg« are the
state and measurement vectarsand o are the Gaussian white process and measurement
noises.The process and measurement Gaussian white noisesl o are characterized by a

null mean with diagonal covariance matrideandd , respectively 29].

The state space equation in discrete foamfdrmulated integrating the system equation

(Equation 8.3)) from timeo totimed , and can be written as follows:
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where a process noisehas been added, aidis the sampling timeThe measurement vector

« for the firstconfigurationof sensors can be written as follows:
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where a measurement noséas been added.
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The developecestimator design model represented by Equat®8 (Can be extended for
estimating both aryaw dampingd  and stiffnes®

Therefore, the antiyaw stiffness is estimated through a parametric estimation approach,
including it in the stateector of the estimator design model.

The discretdime form of the estimator design model, functional for the entire CUKF algorithm

implementation, is presented as follows:
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where an additive process noiseis consideredThe presented estimator design model has
been obtained by introducing the apdiw stiffness in the estimation process. Therefore, the

augmented state vector related to the estimator design model becomes:
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wﬁnvﬁoﬁgﬁi ﬁvhbvhbﬁbﬁé)ﬁvﬁvﬁ VF[ h (3.12)
"O HhHO HO HO M o h W '
wherethe renamed state variables result:
° @B ho (3.13)

Considering the set of measurements described by Equdt@nthe CUKF for monitoring

the antiyaw suspensiocomponentdy estimating both damping , and stiffnes®  is
designed by coupling Equatior&9 and 8.11).

In Figure3.3the estimation procedure is summariz€de input variables for railway vehicle
model developed in SIMPACK and the measurements obtained through the latter functional to

improve the estimatioprovided by the CUKF are pointed out.

— - %
y—b’ = >
y C
Vertical and Input Vw1 CUKF axd
lateral track . ‘ f? j >
irregularities Vw2 ax >
SIMPACK Railway Vehicle Modell Yy ;

Figure3.3 Estimation flow for monitoring the argaw suspensionomponentshrough
CUKF with five measurements.
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3.2. Estimator design models for sideslip angle estimation and
monitoring of tire -road interaction

3.2.1. Estimator design model for the estimation of vehicle sideslip angle and
lateral friction coefficients

The aim of the proposed mod®sed estimator, based on an Extended Kalman Filter (EKF),
is the coupled estimation of vehicle sideslip angle and lateral friction coefficients of a road
vehicle for tireroad interaction monitoring.

The estimator design meblis based on the Doubieack vehicle model120.

The Doubletrack vehicle model is schematized in Figuseta and3.4b.

The first subscriptQindicates the axle (front/rear), while the second subsd@ipidicates the

position (left/right) of wheels.

1 is the steering wheel angle;is the yaw rateyr is the centre of gravity (COG) velocity
vector.0 and 0 are, respectively, the COG vehicle velocity components in lateral and

longitudinal directions.

0 andi represent théirst-time derivatives o andi .

The slip angles of front left, front right, rear left and rear right tires aefined as follows:

(3.14

I AOAGI— (3.19
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"O and’O are the longitudinal and lateral tiread interaction forces.

The other parameters of the Doubilack vehicle model extracted by a complete and detailed
Multibody vehicle model developed in ADAMS Cdr]] are listed in Tabl&.3

" » L‘
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b b
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Figure 3.4.a) The Doubldrack model: velocity vectors, slip angles and steering wheels
angles; b) The Doubleack model: velocity vectors and pneumabad tangential
interaction forces.

Table3.3 List of vehicle main physical parameters

Parameter name Value
Vehicle masgd ) 2217 kg
Distance from COG to front wheel®)( 1.397 m
Distance from COG to rear whee(d ( 1.263 m
Height of COG(Q 0.65m
Yaw moment of inertialj 3231 kg
Track width(d ) 1.492 m

By neglecting the longitudinal dynamibge lateral and yaw dynamics of the doutobeck model

are described by the following equations:
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A four-parameter version of the Pacejka Magic Formbif (stiffness factod p @ ¢form
factord p& v,peak valueO, curvature factolO T8t Y @)wspused for modelling the
tire/road interaction forces womplete thalescription of the mechanical model related to the

vehicle

0]  0OfdAO&] CTE& AO B (3.17)

The paramet€® is placed as the product between the vertical Nadting on a wheel and the

lateral friction coefficien* [57]:

o ‘0 (3.19

For each wheel of each axle, the param@teis defined as follows:

for C plg (3.19

C
o ‘

where' and’ are the lateral tireoad friction coefficients referred to the left and right sides
of the vehicle, respectively. Therefore, the parameC sreferred to the Pacejka Magic

Formula described by EquatioB.{7) are:

(3.20

oNoNoNe)
PREORORS)

The vertical loads acting on each wheel affected by lateral load trank?€tsafe defined as

follows (Figure3.5):
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where:
i v 0 ™® Nm/radare, respectively, front and rear axles roll stiffness;
i v p Nm/radis the roll stiffness;

u Q@ 0 1 ¢ mare heights of the front axle and rear axle roll centre;
U Q m@® ¢ mis the height of the roll centre;

U & is the longitudinal acceleration, a'Q ) 11 /< is the gravity acceleration.

Figure3.5 Schematization of the lateral loadnsfer: equilibrium conditions about the roll
axis.

Therefore, the lateral tirmad forces are computed as follows based on the Pacejka Magic
Formula Equation (3.17)

O | C OFdAO ] C o A0 B
0 | 0 OFdAO & Co| A O B
0 | o OFGdA O & CH| A O Bl (3-22
0 | o OFdA O %) CH| A O Bl
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whered, 6 andOhave been identified through offline tests.

The estimation of lateral tirad friction coefficients and‘ is made by employing a
parametric estimation strategy, including them in an augmented state 2&ttor [
Considering théollowing Equation for estimating lateral tead friction coefficients:

oo m (3.23

the complete estimator design model in the contintiows form is obtained by coupling
Equations 3.16) and (323):

G 0 dﬂ"o Altd 0o Aitd 0 O 0 i
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Therefore, the state vector is given by:
e UhHH A o hoo oo Feo (3.25)

The EKF is designedround Equation3.24) and considering a set of measurements constituted

by the lateral acceleratiah and the yaw rate:

« Qh O OUih (3.29
The employment of measurements provided by sensors allows makiogrtbetion step of
the EKF, producing corrected estimations of predicted state variables through the estimator
design model.
The input vecto¢ |1 Fb0  composed byhe steering angle andthe longitudinal speed .

The discrete time form of thestimator design model is described by the following equations:

° I.. ° o (327)
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wherefand [ are the state transition function and the measurement funetamg« are the
state and measurement vectarsand o are the Gaussian white process and measurement
noises.The process and measurement Gaussian white noiseslo are characterizedy a

null mean with diagonal covariance matrideandd , respectively 29].

The state space equation in discrete form is formulated integrating Equagénf{om time

0 totimed , and can be written as follows:
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where a process noisehas been added, abdis the sampling time

The measurement vector can be written as follows:

p

. ¢ O sATIQ O ‘HAHQ On On o (3.29)

Wh

where a measurement norséas been added.

The discretgime form of the estimator design model makes suitable the implementation of the
EKF in electronic control units and other types of digital systémBigure3.6, a conceptual
scheme of the estimah procedure is shown, pointing out the input variables for both the EKF
and vehicle model developed in ADAMS Car and the measurements obtained through the latter

functional to improve the estimation provided by the EKF.

ADAMS Car Vehicle Model

~

p

> EKF fiy, Ay

FyllrFylszyZL Fy22

Figure3.6. Estimation flow fo monitoring tireroad interaction conditions and vehicle
performances by estimating the sideslip angle through EKF.
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3.2.2. Estimator design model for vehicle and tireoad monitoring with no
interaction modelling

The estimator design model proposedSection3.2.1 allows the Extended Kalman Filter,
chosen as a modbhsed estimator for monitoring purposes, to estimate the sideslip angle,
fundamental for monitoring vehicle performances and for providing feedltkisito control

units and lateral tireoad friction coefficients of both the sides of the vehicle forrad
interaction monitoring.

Unfortunately, the calibration of tire models, such as the chosen Pacejka one with four
parametersq7], requires expesive experimental tests and offline optimization procedures for
identifying the parameters of the tire model.

Therefore, an estimator design model, suitable for the design of an Extended Kalman Filter
(EKF), is presented for estimating thileslip angle and the lateral tiread forces without
specific modelling of tires for overcoming the previously described issue related to the

calibration of tire models.

Furthermore, the lateral ti@ad friction coefficient is included in the estinoat procedure for
tire-road condition monitoring purposes.

The developed estimator design model is based on a-4iaglevehicle model to capture the
lateral and yaw dynamics.

The singletrack model is represented in Brg3.7. The reference frames Oxy and Gxy are the
inertial and fixed ones, respectively. Thelocity v of the centre of gravity (COG) is

decomposed in the lateral velocity and the longitudinal one .

The longitudinal dynamic is neglected, assuming a constd7].

Figure3.7. Singletrack vehicle model
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The yaw raté is computed in the reference frame Oxy.

Furthermore} is the steering angle whil® and™O are the lateral tireoad forces of the
front and rear axle, respectively.

The parameters referred to the singlek model extracted bg complete and detailed
Multibody vehicle model developed in ADAMS Cdi2[1] are shown in Tabl8.4.

Table3.4 Parametersf the estimator design model

Parameter name Value

Vehicle masg0 ) 2217 kg
Yaw moment of inertiadj 3231 kg M
Distance from COG to front wheel)( 1.397 m
Distance from COG to rear wheeld ( 1.263 m

The lateral and yaw dynamics of the sintyeck model are described in the continutiose

form by the following equations:

v 2 0ATO O 0l
v 0 (3.30
i3 WO AT10 0O &
wherev andi are the firstime derivatives ob andi, respectively.
Referring to Figur&.7, the sideslip angle can be determined as follows:
P I X
I AO Al—)l— (3.3)
Therefore, the stateector of the singktrack vehicle model is defined as follows:
e OUAh (3.32

For including the lateral tireoad friction coefficient and two variables andv , functional

for the estimation of lateral tim@ad forces, in the state vector of the estimator design model,
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the augmented state technique coupled with a parametric estimation strategy has been adopted
[29].

Equations representing the lateral 4ioad forces, functional for their estimation, have been
developed to avoid a specific tire model employment.

Based on this purpose, consider a simplified Pacejka Magic Forsujléof the lateral tire

road forcesO computing:

”n D 'E A’* ar . 3 AA '"fI\
O | O0E® Q/&vl “00| O A1 (333

where Ois the vertical load acting on the front or rear gxles the drift angle referred to each

wheel and withd, 6 andQ, the typical Pacejka parameters are indicated.

The parameters, 6 and O are, typically, identified through expensive experitattests.
Therefore, referring to Fige 3.7 the following expressions of the lateral foré®s andO
allow their estimation avoiding the identification of the poersly mentioned Pacejka

parameters and other types of tire modelling techniques:

0

' ov 3.3
© 0 (3.34)

where’O 0 "WF¥ & @ and’O 0 Q¥ & & are the static vertical loads acting on

the front axle and the rear one (lateral load transfers are not taken into account in the single
track vehicle model), respectiveliY «#p 11 @/ is the gravity acceleration).

The state variablgs, 0 and0 are estimated through a parametric estimation apprdzgh [

through the following formulation:

(3.39

Therefore, by considering the augmented state vector 0 A i i) h) , the complete

estimator design model is given by:
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The input variables for the estimator design model and, therefore, for the EKF are the steering
anglg and the longitudinal velocity .
Considering the global lateral accelerationand the yaw rate as measurements collected in

themeasurement vector defined as follows:

« Of -OR 0 /T\'I"WO 0 (3.37)
i
and taking into account EquatioB.86), the EKF is able to perform its predictionrrection
algorithm for purposes of sideslip angle estimation anerdaelcondition monitoring.
The estimator design model described in Equa3oBg can be written in discretitme form,
assuming a fixed sampling tim&, making it functional for the implementation in the EKF
estimation algorithm.

The discretdime form of the estimator design model is described by the following equations:
[ J . [ J
) Ie (3.3)
wheref|and || are the state transition function and the measurement funetamg« are the
state and measurement vectarsand o are the Gaussian white process and measurement
noises.The process and measurement Gaussian white noiseslo are characterizedy a

null mean with diagonal covariance matrideandd , respectively 29].

By renaming state variables of the augmented state vestor 0 HH h) h)

oo  the complete estimator design model in discrete fornfoisnulated

integrating Equation3(36) from timeo to timed , and can be written as follows:
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where a process noisehas been added.

The measurement vector can be written as follows:

P . ~ v oA "

U N
Whn

where a measurement noiséas been added.
In Figure 38, a conceptual scheme of tkstimation flow is shown, pointing out the input
variables for both the EKF and vehicle model developed in ADAMS Car and the measurements

obtained through the latter functional to improve the estimation provided by the EKF.

Uy
ﬁ
Input
0)
—
ADAMS Car Vehicle Model
v F_
i
EKF e

Figure 38. Estimation flow for monitoring tirgoad interaction conditions with no interaction
modelling and vehicle performances by estimating the sideslip angle through EKF
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3.3 Estimator design model for monitoring the surfaces of sliding
seismic isolators

The difficulties in the characterization of frictional properties for health and wear condition
monitoring of Curved Surfaces Sliding (CSS) seismic isolators led to the development of a
modetbased monitoring solution based on a Constrained Unscented Kglitea (CUKF).

Some physical modelling considerations are functional for developing the estimator design
model on which the CUKF is designed.

At the generic time instarit the instantaneous values of the longitudif@ and transversal
("O) conponents of the horizontal force resisted by a sliding isolator irdadxtional motion
in the xy plane (see Figurg.9) can be calculated a84,122:

0 Q OET OE®I

0
. — 00 3.41
o vy Q ATIOOE @i (3.41)

where:

a) 0 is the vertical load acting on the device;

b) Y Y Y Qand Y Y'Y ] 'Y Y are the effective radius,
and the effective friction coefficient, respectively;

c) 'Q, andQ are the longitudinal and transversal displacement conmpgine

di AOAJNQjYQ isthetrajectoryangle (with 7 -); beingYQ, andYQ the
displacement increments from the previous time instant

e) OE ¢ s the sign function;

f) the dotemployed as accedenotes the time derivate, €Q., andQ .
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top plate

displ. trajectory

bottom plate

X

Figure3.9. In-plane kinematic of a Curved Surfaces Sliding isolator.

Previous studies identified several sources of variability of the coefficient friction, such as the
instantaneous sliding velocityontact pressure, and temperature of the sliding surfaég4,
and a number of constitutive model2B,124, and numerical approache&] were developed

to capture and reproduce this complex behaviour during the motion of sliding isolators.

Despite the suitability of the proposed formulations to simulate the lateral response of CSSs has
been widely proven in the referred studies, thdbrcation of relevant parameters is a
challenging task 123,124 since the coefficient of friction at both sliding surfaces can be

expressed as:

‘ \ 1 q

2%
oy (3.42)

33
T O

v
0O ‘ ouh
wherev is the sliding velocityr) is the contact pressureis the temperature, and subfixes 1

and 2 refer to the primary and secondary sliding surfaces of the single CSS, or to the upper and
the lower sliding surfaces of the DCSS, as relevant.

Since quantdtive information about these dependencies strongly depend on the particular
employed sliding material (e.g. PTFE, UHMWPE, in dry or lubricated condition), the tricky
dependence of the coefficient of frentedtini on c
Figure3.10.

However, as confirmed also by very recent experimental studigs1P6], an increase in

sliding velocity causes the coefficient of friction to rapidly decrease from its breakaway value,
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, to a minimum lowvelocity value'  (typically for sliding velocitiesh p mm/g, and

then to gradually increase until it reachles {asymptotic) higivelocity value®  (typically

for sliding velocitiesh p 1™ mm/9.

An increase in temperature, caused either from the heat generated during the sliding or from a
change in environmental temperature, results in a decrease oeffieieot of friction (Figure
3.10left).

An increase in contact pressure causes friction to decreasegBig0O-right). As a result,

during an experimental test the coefficient of friction shows a continuous variation over time

from its initial value &the beginning of the sliding motion.

Hp
_T=0°C 3 & _p=IsMPa
3] 7]
- IT=25°C g ~p=30MPa §
_T=50°C .8 = _p=45MPa &
—_ ) , g
- ~T=75°C "y ~ _p=60MPa 4
2 i = _— o
H ) f =
HV v Huv
\ v 4
ar constant pressure } ar constanit remperature
v (mm/s) v (mm/s)

Figure 3.10. Qualitative representation of the dependence of the friction coefficient on the
sliding velocity and its typical decrease for increasing temperatures (left), and contact
pressures (rightpdapted from127].

Based on the previously described issues in the identification of frictional behaviour of CSS
isolators, an estimator designodel suitable for the CUKF design has been developed to
identify the coefficient of friction and its tirrdependent variation at the individual sliding
surfaces of CCS and DCSS isolators.

This tool is applicable to data collected from the displacemmemirolled tests performed during
the prototype testing of the isolators as recommended by the codasadsl to account for
explicit formulations of the friction modeling of Hgtion (3.42) to extrapolate the frictional

properties from the experimental data.

The inplane displacement componeftsandQ , the velocity components andv , and the

trajectory angle7 imposed during testing are collected the input vector¢

QR A and used as input for the CUKF estimator
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The avoidance of needing anpriori friction model is guaranteed by the employment of the
random walk model (RWM) estimation techniqui2f,26,77] coupled with a parametric

estimation approach 2

The friction coefficients at the two sliding surfaces are taeant during the isolator motion.

The friction coefficients variation is due to different effects as the sliding velocity, the
temperature variation and the vertical loads acting on theasola

Furthermore, on the two sliding surfaces, the friction coefficient can change in a different way,
in particular, on the basis of the material and geometrical properties of the isolator.

For this reason, in the developed model, the 4margant fridion coefficient at thé&lh sliding
surface (forQ plt is formulated as: “ 1 'Q where' j is the initial friction coefficient
relatives to the isolator in static conditions at room temperaturéCaadhe timedependent
variation funtion of the respective friction coefficient, bounded in [0,1]. Furthermore, the
initial friction coefficients* ; and‘  are considered at room temperature. This approach
allows capturing with a priori no knowledge the overall friction coefficientstaair physical
characteristics in a decoupled way on both the sliding surfaces of the isolator, providing
information on the friction coefficients in both the static and dynamic conditions.

It is worth noting that the two timéependent friction variaih functionsQand™Qare able to
depict simultaneously the overall variation of the instantaneous friction coefficients at the two
sliding surfaces due to the three aforementioned phenomena (dependency on sliding velocity,
temperature and the vertical loads acting on the isolator).

The RWM structure is based on a stochastic model that includes the feti@tion function

and its firsttime derivative:

~ T T T Q

'Y pmmom Q

: ’! :’: T T T T “Q (3 . 43)
gyu T TP T Q

where"Qand Qrepresent the frictiowariation functions of the primary and secondary sliding

surfaces, respectivelyQ and™Q are their firsttime derivatives, and is a random white

noise.’”Q , "Q , "Qand™Qare the firstime derivatives ofQ ,"Q , "Qand"Q, respectively.
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According to this formulation, at a given time instatiie coefficients of friction at the sliding
surfaces ‘ p Qand ‘i "Qare expressed as the product of the relevant initial values
‘  and' { ard the timevarying functionsQand’Q, respectively.

It is worth noting that assumingt "Q pandmt "Q p, 'Qand™Q have their physical
counterparts in the tirméependent friction variation functions postulated by several friction
models like e.g.123,124).

The identification of the initial friction coefficients, and‘ j at the two sliding surfaces of
the isohtor is made ttougha parametric estimation stratef@9] that includes  and*  in

the state vector as system state variables.
Therefore, the complete observer design model in the contisitnesilomain takes the form:

02T
l’rf2 Q
eom (3.44)
rQ "Q
F f T
VS 1§
and the state vector is composed by:
o QRNMQARMN FH | o oo p oo oo oo oo (3.45)

The state space equation in discitatge form is formulated bintegrating the system equation

(3.44) from timed to timed , and can be written as:

Wy .

Tor  Gf V0!
N (N}
Wp >

11 ]
® [ J . \ ~ 3.46
. 160 B ) R yol,l ( )
@y N
u Wk U

wherel] o is the state transition function, is the additive Gaussian process noise ¥
the sampling time.
The typical outputs obi-directional displacemestontrolled testof CSS isolators are the

reaction force80 and™O along thewandwaxes.
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The reaction forces contain physical information on the initial value of the coefficient of friction
and the relevant variation during the motion, and therefore are emmsy®measurements to
feed the CUKF.

Following this reasoning, the measurement vector is defined as:

. ORO (3.47)

The measurement equations in the disetiete domain can be written as follows:

o "O
0 o 0 o 0r O o (3.48)

where || of0 is the measurement function ands the additive Gaussian measurement noise.
The process and measurement Gaussian white noigedo are characterized by a null mean
with diagonal covariance matricgisandd , respectively 29).

The Gaussian white noisegg referred to the Random Walk modelling of the frictiariation
functions is a subset of the process naise

Therefore, it$ characterized by a null mean and its covariance matrix is constituted by the first

four elements along the diagonal of fhenatrix.

The terms™O — Qp andO j — Qy in Equation (3.41) are the restoring

components of the reaction forces, while the frictional components are expressed as:
O 0

O 0

W'Y W 0iY wj (3.49)
W'Y W 0iY wj (3.50)

S5
=5

E
I ©

o O

Al b
Al b

> O

S5
=5

where0 is the vertical load acting on the isolator ant a slopeform factor relative to the

hyperbolic tangent function.

The hyperbolic tangent function is employed to avoid the intrinsic discontinuity of the sign
function, usually enrolled to describe the fedisplacement behaviour of frictional isolators

(see Eqgation(3.41)).

An| factor equal to 100 was found by attempts to be large enough to guarantee a very sharp

transition betweenl and +1.
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The parameter¥ and’Y represent the normalized radii and’Y , defined asy —

and’Y E—

For a douke CSS isolator with identical sliding surfaces, ié., Y 7, the normalized
radii countY Y — ™.

In Figure3.11the estimation procedure is summarizeointing out the input variables for both

the CUKF and numerical models or r&8S seismic isolators and the measurements obtained

through the latter functional to improve the estimation provided by the CUKF.

flffZ

Hi1,0: H2,0

CSS seismic isolator

Figure3.11 Estimation flow for monitoring CSS seismic isolators through CUKF.
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4. RESULTS OFPROPOSED APPLICATIONS

In Chapter 3, estimator design models have been described for including them irbasadk|
estimators represented by Kalman Filters (described in Chapter 2) for monitoring purposes.
The desired system state variables and paramedarbe estimated through a good design of
the modelbased estimators. Therefore, a reliable estimator design model able to capture the
fundamental dynamics of the system to be monitored is crucial for finalizing the design of a
Kalman Filter.

In this Chaper, the results of estimations provided by Kalman Filters, coupled with the
developed estimator design models, are presented for all the application fields mentioned in
previous Chapters. In the following, estimator design models and Kalman Filters etnfoloye
each application are indicated:

U Monitoring of r ailway anti-yaw suspensioncomponents(Section4.1) i for this
application, the employed estimator design model has been descriBedtion3.1.
The CUKF (se&ection2.2.4) has been used as a mduded estimator;

U Estimation of sideslip angle and left and right lateral tireroad friction coefficients
(Section4.2.1)7 for this application, the employed estimator design model has been
described irBection3.2.1. The EKF (seBection2.2.2) has been ad as a moddiased
estimator;

U Estimation of sideslip angle and lateral tireroad friction coefficient with no
interaction modelling (Section4.2.2)1 for this application, the employed estimator
design model has been describe8attion3.2.2. The EKF (seSection2.2.2) has been
used as a modélased estimator;

U Estimation of the instantaneous friction coefficients of sliding isolators subjéed
to bi-directional orbits (Section4.3) 1 for this application, the employed estimator
design model has been describe8attion3.3. The CUKF (se8ection2.2.4) has been

used as a modélased estimator;

Furthermore, the Normalized Root Mean Squadtadr has been employed as an indicator of

the estimation quality for all the presented applicatidas]|
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The NRMSE is defined as follows:

where:
U 0 is the number of samples of the considered signal
U wis the estimation of the signai
U € is a normalization factor typically computed as the range of valudsoofas the

B

mean of values ah Thereforeg | A@ | Elw oré

Typically, values of the NRMSE close to zero indicate a good estimation quality, while values

close to one indicate a poor estimation quality.

4.1.Monitoring of railway anti -yaw suspension components

Estimated variables obtained from the adopted mbdséd technique based on the CUKF for
monitoring railway antyaw suspensionomponentfiave been compared with a complete and
detailed multibody railway vehicle model developed through the commercibhasef
SIMPACK 18.4.

The SIMPACK software [19] is a wellestablished and widely used tool for the design of
railway vehicles, as well as for research. It enables for including nonlinear-liezntact
models in railway vehicles one$he employment ofhis validated software is nowadays
encouraged by the scientific community in place of experimental tests since it allows to reduce
expensive activities, that can be calendarized at the final step of the product development
[16,24,130,131].

The employment of a detailed model of the entire vehicle is of crucial importance for the
validation of the estimation technique.

The vehicle model describes a standard passenger coach equipped with two bogies, each one
having two wheelsets. The paramstef the vehicle are taken from a repdi§], issued by

the European Railway Research Institute (ERRI).
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They describe the passenger coach of the type Avmz, which is the German variant of the
Eurofima coach. This vehicle uses Fiat 0270 bogies type, wdrehequipped with yaw
dampers. The primary vertical springs, the bushings of the trailer arms of the axleboxes, and
the secondary flexicoil suspension are described as springs having linear characteristics.
Furthermore, the secondary suspension contalateel bumpstop with a clearance afén

to each side. The dampers, i.e., the primary vertical dampers, the secondary vertical, lateral, and
antiryaw dampers, are hydraulic dampers; in the model, they are described by a damper, which
has a piecewise liae characteristic defined by points, and a stiff linear spring arranged in
series.

Linear springs with constant stiffness have been employed for desdtileirsgrings included

in the antiyaw suspension components

For the analysis, the damper force bt tyaw damper is multiplied by a factbi with

0 Ofyp O1 in order to reproduce the degradation of the damper;fhere;1 describes the case

of the fully intact yaw damper.

In order tatake the flexibility of the track into account, each wheelset is supported by one rigid
body, which is connected to the environment by linear viscoelastic elements and can perform
lateral and vertical translations and a roll rotation; an illustratioivengn [132].

An approximative description of the track flexibility is reasonable, since a completely rigid

track model can produce unrealistically high dynamic whaiéforces.

The simulated railway vehicle model representing a passenger coachiirgyron a straight

track with vertical and lateral rail irregularities at a constant running speed of 250 km/h = 69.4
m/s, typical for higkspeed railway vehicles p]. Vertical and lateral irregularities have been
applied to each rail. Regarding the whigl contact geometry, the wheel profile S1002 and
the rail profile with a rail inclination of 1:40 and a track gauge of 1435 mm have been chosen.
A high equivalent conicity characterizes the previously described contact geometry. Therefore,
a stronger tedency for bogie hunting than carbody hunting is expected. A friction coefficient

of 18 has been assigned to the whesl contact. It leads to a high level of tangential
forces with consequent strong excitation of the vehicle. The chosen scerawi® @llitaining

a very active attitude of anyiaw dampers. Nonlinearities related to the wiragl contact
constituted of the nonlinear function characterizing rolling radii versus the lateral displacement
of the wheelset, and the nonlinear relation betwereepages and tangential contact forces,

have been taken into account.
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The results illustrated below include the estimation of theyawi damping, and the estimation

of the measurementwo kinds of tests have been executed

1) estimation of the anttaw dampingd  in no fault condition fyp = 1) and in a fault
condition (degrade offyp =40% from the nominal value) with a five sensors
configuration

2) estimation of the anfyaw damping  in no fault condition and in a fault condition
(degrade ofyp = 40% from the nominal value) with a three sensarsfiguration

Furthermore, for both ntault and fault conditions of anyiaw dampers in the case of the five
sensorgonfiguration, the estimation of the stiffness for monitoring springs included in the anti

yaw suspension components has been considered.

The properties of anflaw dampersd in no fault condition and in fault condition are
portrayed by the arrays force vs speed in Figurel

In Figure 3.2, antyaw dampers are represented to indicate their effective installation in
parallel. Therefore, considering the parallel configuration ofyawi dampers, the angaw
damping coefficienb is the resulting one, while @5 is the damping coefficient of one

antiryaw damper.

x10

0.8 -
0.6 -

04

0.2F
@ 0.5Caxd = 70000 Ns/m

Force (N)
[(—]

0.2
047
4] 0.5Caxd = 175000 Ns/m
-0.6 -

-0.8 -

1 I ! I ! ! I !
-0.1 -0.08 -0.06 -0.04 -0.02 0 0.02 0.04 0.06 0.08 0.1
Speed (m/s)

Figure4.1 Characteristics aheantiyaw dampefd ) in fault and in no fault condition.
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4.1.1.Test with five sensorsconfiguration

This test has been employed to verify gamsitivity of the estimator to the variation of the
operating conditions of the antaw dampersThe measurements vector related to the five
sensors configuration is  ® hoho ho B . Figure4.2 shows the estimation of the
antryaw damping, compared with the linearized value of the damping in no fault condition
(6 =350000 Ns/m) (Figurd.1).

The CUKF is able to estimate the apgiw damping, converging rapidly to the target value in

a vay short time thanks to the employment of constraints on the states.

) I T T I [
——Simulated
4.5 =='CUKF ||

4+ o

I | I | \ I |
0 2 4 6 8 10 12 14 16 18 20
Time (s)

Figure4.2 Anti-yaw dampingd  (no fault conditiori five sensors configuration

In addition to the parametric estimation of aydgiv damping, the five measurements have been
estimated. The comparison between the simulated measurements and the estimated
measurements is an indicator of the CUKF capability to correctly estimate ttse state

The estimated measurements are strictly connected to the states of the sgst&muation

(3.9).

The estimation of carbody lateral acceleration and leading bogie frame lateral acceleration
(Figures4.3, 4.4) are practically superimposed on the siatedl values and confirm the validity

of the suggested technique.
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Figure4.3 Carbody lateral acceleration (no fault conditiori five sensors configuration
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Figure4.4. Leading Bogie frame lateral acceleratn(no fault conditiori five sensors
configuratior).

Figure 4.5 and Figure4.6 refer to lateral acceleration of leading and trailing wheelset,
respectively. The time histories confirm the quality, capability and accuracy of the employed
technique. The samexcellent behaviour can be observed in Figliethat represents the

leading bogie frame yaw angular velocity.
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Figure4.5. Leading Wheelset lateral acceleratidon (no fault conditiori five sensors
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Figure4.6. Trailing Wheelset lateral acceleratian (no fault conditiori five sensors

configuratior).
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Figure4.7. Leading Bogie frame yaw angular velodity (no fault conditiori five sensors
configuratior).

Even if the current focus is the agyaw damping monitoring, also forces and moments are
illustrated. Figurel.8 shows the time histories of the lateral contact forces and moments acting
on leading and trailing wheelsets, in order to demonstrate thetyafdhe RWM approach,

functional for the antyaw damping monitoring.
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Figure4.8 Lateral wheetail contact forcef0 ,"O and moments ,0 (no fault
conditioni five sensors configuration
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The results highlight that the CUKF is able to estimate the actual forces trough the employment
of the RWM approach, allowing a priori no knowledge of both deterministic whaeontact

models and track irregularities.

The time histories confirm the gdness of the Random Walk Model approach. The presence

of the additional estimation of the fissti me der i vat i v-&f wee ke ma s o fii

estimator that greatly improves the estimation of the forces and moments.

The quality of the estimationals been evaluated also through the NRMSE indicator. NRMSE
values are reported in Tablel for measurements, whedil contact forces and moments and

the anttyaw damping.

The NRMSE for all the mentioned variables is near to zero highlighting the agesnitaterms

of estimation quality, that can be reached by means of the constrained approach applied to the

proposed estimator design model.

Table4.1 NRMSE values (no fault conditidnfive sensors configuration

Variable name NRMSE
(@) TP X
W Xywpm
» LvpuL pT
(@) TImnpo
[ GG pm
O T8rtT mp
O BT X TT G
0 U]
0 ™® 0 X X
0 ot @

Figure 4.9 shows the estimation of the agiw damping compared with the linearized value
of the damping in fault conditiom®( = 140000 Ns/m), obtained from the characteristic curve
of the antiyaw dampers (Figuré.1l). The estimator is able to detect thegence of a fault in

the antiyaw damper and therefore of a degradation of the damping.
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Figure4.9 Anti-yaw damping  (fault conditions five sensors configuration

The estimated measurements (Figude$Q 4.11, 4.12 4.13 4.14 fully agree with the
simulated values. This is very important since even if theyanti damper is damaged, the

CUKEF continues to perfectly estimate the measurements and therefore the states that compose
them.
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Figure4.1Q Carbodylateral acceleratiom (fault conditioni five sensors configuration
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Figure4.11 Leading Bogie frame lateral acceleration(fault conditioni five sensors

configuratior).
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Figure4.12 Leading Wheelset lateral acceleration (fault conditioni
configuratior).
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Figure4.14 Leading Bogie frame yaw angular velodity (fault conditioni five sensors

configuratior).

The presence of a fault in the apéiw dampers changes the dynamic response of the railway

vehicle as shown by the previous Figures.

The CUKEF is able to estimate correctly the measurements in this neNti@o@and is sensitive

to changes in theailway vehicle dynamics
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The estimated wheel rail contact forces and moments are compared with simulated ones in
Figure4.15 The CUKEF is able to manage the behaviour of the wtagletontact interactions

by avoiding a priori knowledge of their modelling, despite overestimatksirgterestimates.
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Figure4.15 Lateral wheetail contact forceSO ,"O and moments ,0 (fault
conditioni five sensors configuration

The NRMSE values reported in Tadl are near zero confirming the good estimation quality

of the proposed estimation technique.

Table4.2 NRMSE values (fault conditiohfive sensors configuration

Variable name NRMSE
() TBImpp
@ T T G G
() T8t T P
() T8tmngo
[ P w p T
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O MYg w
0 s UKl
0 T® ¢ L
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4.1.2.Test with three sensorsonfiguration

Accelerometers are often undesired on the wheelsets due to the severe vibration environment.
So, this test refers to three sensors configuratiawonstituted by one gyscopeand two
accelerometers, to obtain the same measurements of the previous test, theclateral

acceleration of the two wheelsefBhe measurements vector related to the three sensors

configurationiss @ ho i

The CUKF is able t@stimate the anfraw damping with a good estimation quality as shown

in Figure4.16in the new measurement configuration.
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Figure4.16 Anti-yaw damping  (no fault conditiori threesensors configuration

Estimations of carbodwgteral acceleration and leading bogie frame lateral acceleration (Figures

4.17,4.18 are practically superimposed on simulated values.
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Figure4.17 Carbody lateral acceleration (no fault conditiori threesensors
configuratior).
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Figure4.18 Leading Bogie frame lateral acceleratian (no fault conditiori threesensors
configuratior).

The time history of the leading bogie frame yaw angular velocity is illustrated in Fidi8e

confirming an excellent quality of the estimatio
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Figure4.19 Leading Bogie frame yaw angular velogity (no fault conditiori threesensors
configuratior).

Pointing out that the goal of the proposed mdmded estimation technique is thenitoring

of antryaw suspension components, the estimated wiadetontact forces and moments are
compared with simulated ones in FigytQ The CUKF can manage thehawiour of the
wheelrail contact interactions by avoiding a priori knowledge of their modelling, despite

overestimates and underestimates.
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Figure4.2Q Lateral wheetail contact forcef0 ,"O and moment® ,0 (no fault
conditioni threesensors configuratign
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The NRMSE values reported in Tadl8are near zero confirming the good estimation quality

of the proposed estimation technique.

Table4.3 NRMSE values (no fault conditianthreesensors configurati).

Variable name NRMSE
@ o8 U pTI
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r 8 wpT
O TiT1T0
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With reference to the fault condition, Figu4e21 highlights the capability of the proposed

estimator to feel the degradeantiryaw dampers
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Figure4.21 Anti-yaw damping  (fault conditioni threesensors configuration

The estimated measurements (Figute 4.23 4.24) confirm the goodness of the proposed

modelbased technique. This is very important since even if thegyantidamper suffers a fault,
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the CUKF continues to perfectly estimate the measurements andotketleé states that

compose them.
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Figure4.22 Carbody lateral acceleratiom (fault conditions’ threesensors configuration

Figure4.23 Leading Bogie frame lateral acceleration(fault conditions’ threesensors
configuratior).
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