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ABSTRACT

The issue of low adhesion between the wheel and the rail has been a problem for the

design and operation of the railway vehicles. The level of adhesion can be influenced by
many different factors, such as contamination, climate, and vegetation, and it is
extremely difficult to predict with certainty. Changes in the adhesion conditions can be
rapid and short-lived, and values can differ from position to position along a route,
depending on the type and degree of contamination. All these factors present a
significant scientific challenge to effectively design a suitable technique to tackle this
problem. This thesis presents the development of a unique, vehicle based technique for
the real-time estimation of the contact conditions using multiple models to represent
variations in the adhesion level and different contact conditions. The proposed solution
exploits the fact that the dynamic behaviour of a railway vehicle is strongly affected by
the nonlinearities and the variations in creep characteristics. The purpose of the proposed
scheme is to interpret these variations in the dynamic response of the wheelset,
developing useful contact condition information. The proposed system involves the use
of a number of carefully selected mathematical models (or estimators) of a rail vehicle to
mimic train dynamic behaviours in response to different track conditions. Each of the
estimators is tuned to match one particular track condition to give the best results at the
specific design point. Increased estimation errors are expected if the contact condition is
not at or near the chosen operating point. The level of matches/mismatches is reflected in
the estimation errors (or residuals) of the models concerned when compared with the real
vehicle (through the measurement output of vehicle mounted inertial sensors). The
output residuals from all the models are then assessed using an artificial intelligence
decision-making approach to determine which of the models provides a best match to the
present operating condition and, thus, provide real-time information about track

conditions.
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Dutch train operator NS-Reizigers suffered flat wheels due to excessive sliding, leaving
thousands of travellers stranded overnight on their way home. In the following week,
thorough maintenance was carried out on the rolling stock, but the lack of available train
carriages made it impossible for the operator to run on schedule [2]. Low adhesion costs
the railway industry significant sums of money each year, not only for various railhead
treatments to minimise the occurrence of low adhesion conditions, but also for reduced
operational performance and for the repair of wheels and rails where railhead treatments
are not successful. According to adhesion working group (AWG) reports, the annual cost
of low adhesion to the UK’s rail industry as a whole exceeds £50 million [2, 4]. A large
number of measures have been developed; nevertheless, the problems caused by low

adhesion still persist.

Several measures have been taken by the railway operators around the world to
improve the level of adhesion in severe weather conditions. The most commonly used
methods include the use of sandites, water jetting and vegetation management, but the
effectiveness of these methods has long been doubted. Wheel slip/slide protection (WSP)
technologies for traction and braking systems are incorporated into rail vehicles to
maximise the use of available adhesion, by controlling the slip ratio (relative speed
between a wheel and the train) below a predefined threshold. These controllers find it
difficult to obtain optimal performance and also require the accurate measurement of
wheel slip. In general, WSPs are effectively reactive systems, i.e. only ‘activated’ to stop
wheels slipping or sliding when detected by sensors. In some rail networks, a LAWS
(low adhesion warning system) or an AMS (adhesion management system) is used to
provide estimates of track conditions based on a large pool of trackside measurements
such as site topography, track geometry, microclimates and contamination. Such systems
are inevitably very complex, expensive to implement and potentially inaccurate because
of the large number of sensors that need to be installed across a network and the amount
of data to be collected and processed. Despite the measures taken by the railway
industry, problems caused by low adhesion still occur because the adhesion varies all the
time on any given date and time, so it cannot be predicted with certainty. Changes in
adhesion conditions can be rapid and also short-lived, and values can differ from position
to position along a route depending upon the type and degree of contamination, which

presents a great scientific challenge to design a suitable technique to tackle this problem.

—
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For at least 150 years, research has been conducted on how to improve the
transmission of power. The need for faster, more efficient and safer transportation over
the past decade has made it increasingly important to improve the transmission of force.
As a result, NS (the largest train operator in the Netherlands) and ProRail (Dutch
infrastructure management company) have initiated the low adhesion research
programme AdRem (Adhesion Remedy) [5]. The railway industry in the UK is currently
taking formative steps in using the real-time condition monitoring of railway vehicles [6-
7], several techniques for which have been proposed, with the main emphasis on
detecting areas of low adhesion as the train travels along the track [6, 8-11]. These
condition monitoring techniques rely on available measurements, estimates and
observations of the required parameters (such as creep forces) during normal running

conditions of railway vehicle.

1.2 Motivation, aims and objectives of the study

The problem of low adhesion costs the railway industry significant amounts of money
each year and raises several safety and reliability issues. Although in last few decades the
railway industry has been able to manage low adhesion to some extent, currently
available measures are not sufficient to eliminate safety incidents and train delays. Over
one million scientific publications have been produced by researchers around the world
alluding to this subject, including topics such as material technology, organic chemistry,
rolling stock technology (also braking techniques, control techniques, traction
installation), transportation processes, driver behaviour, safety, infrastructure, signalling
systems, timetables, tribology, the dynamic behaviour of trains, weather and measuring
techniques [5, 12]. Nevertheless, this volume of work has not resulted in an acceptable

reduction in the problem, mainly because adhesion varies continually.

The lack of knowledge on low adhesion is the result of the absence of a
measurement tool that can establish the problem as it occurs. Therefore, in this research a
novel technique is proposed to solve this issue. The main purpose of this research is to
develop a technique for the real-time estimation of wheel-rail contact conditions as the
train travels along the track. The real-time information obtained from such a system
would not only be helpful to drivers for determining the maximum acceleration or
braking forces they can apply, but also would help network operators to optimise train
schedules and make timetabling adaptive to track conditions.
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The wheel slip/slide phenomenon and associated damages and repair costs will be a
thing of the past. The technique will also save time because the train will be driven more
efficiently at speeds associated with the maximum use of available adhesion rather than
using the current guidelines. It will also have a great impact on the quality of service in

terms of passenger ride comfort and noise levels.

1.3 Railway vehicle dynamics

Wheel-rail contact conditions and the level of adhesion also play a significant part in the
dynamic properties and behaviour of railway vehicles, especially those pertaining to
wheelsets. The focus of this thesis therefore centres on the dynamics of the most
fundamental element of railway transport vehicles, namely the wheelset. Railway wheels
are different from the wheels on road vehicles in that both wheels are mounted rigidly on
a common axle, the whole arrangement being known as a wheelset. There are
exceptions, such as the Spanish high-speed train, the Talgo Express, which has
independent wheels (as do many rail vehicles used in coal mines), but most conventional

rail vehicles use the solid axle wheelset [13-15].
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Figure-1.3: Railway Wheelset

The conventional railway wheelset has a long history and seems to have evolved
through a process of trial and error. The conventional wheelset of today (Figure-1.3)
consists of two wheels mounted rigidly on a common axle, so that both wheels rotate at
common angular velocity and a constant distance between the two wheels is maintained.
Flanges are provided on the inside edge of the treads and the flangeway clearance allows,
typically, £7-10 mm of lateral displacement to occur before flange contact [16]. The
actual wheelset has a profiled tread, but in this thesis it is considered linear — as shown in
Figure-1.3. The coned/profiled tread helps to steer the wheelset on curves by providing

natural feedback, but this kind of wheelset exhibits kinematic oscillations at any non-
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zero speeds. This type of motion, when the wheelset moves in oscillatory form, is known
as ‘hunting’, a problem which has been known to railway engineers since the very early
days, although with very little scientific understanding at that time [13]. It is only in
about last fourty years that an adequate theory for hunting has been available for vehicle
suspension designers to use. One of the solutions to avoid hunting is by means of yaw
stiffness, but choosing a suitable yaw stiffness value is another problem, as low stiffness
limits the maximum speed of the vehicle and high stiffness degrades the curving
performance of the wheelset. Another important factor that affects wheelset dynamics is

the adhesion level during wheel-rail contact.

Dry
&
P
g Wet
w -~
(=7
Iy
% Leaves
)
=u /’"
'{‘ -
Creep

Figure-1.4: Adhesion coefficient vs. creep, representing different contact conditions

The contact between wheel and track is fundamental to railway operation. All the
forces supporting and guiding the railway vehicle are transmitted through the contact
patch, which is very small (about 1cm?) compared to its overall dimensions and shape.
One of the most important factors in the transmission of these forces is adhesion level at
the wheel-rail contact patch. However, the relationship between these forces and
adhesion is very complex and depends upon the concept of creep, a phenomenon that

occurs due to the elastic behaviour of the material at the wheel-rail contact patch.

The relationship between adhesion and the creep is nonlinear and can vary
substantially and quickly from one section of the track to another, influenced by a wide
range of factors and parameters. Figure-1.4 shows the typical variation of the adhesion
coefficient with creep. The figure also demonstrates how the creep curve is affected
dramatically by the presence of a third body layer, e.g. crushed leaves, water or ice,
during wheel-rail contact. This could be formed by a substance used to increase/decrease

friction or by naturally occurring material acting to decrease friction. In order to have
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proper traction and braking performance, a minimum level of adhesion (typically 0.25
for traction and up to 0.1 for braking) is required. In poor contact conditions, the
maximum adhesion available can be far below what is needed for the normal provision

of traction or braking.

1.4 Thesis structure

This thesis consists of seven chapters. In this chapter the problem of low adhesion in
railway vehicles is described briefly. The basic operation of the solid axle railway
wheelset and the effect of contact conditions on the dynamics of the wheelset are also

described briefly.

In Chapter 2, the literature review gives a comprehensive introduction to the
importance of adhesion in line with the traction and braking performance of the vehicle.
The causes of low adhesion and its consequences on the performance of the vehicle are
presented in detail. Later, the measures taken by railway operators around the world to
improve adhesion are discussed in detail. Conventional wheel slip/slide protection
techniques are also covered. Finally, the use of model-based estimation for railway
condition monitoring is discussed. Based on the literature review, a brief conclusion is

drawn to support the importance and approach of this research.

In Chapter 3, wheelset dynamics are discussed and a comprehensive mathematical
model of a single solid axle wheelset is developed. In order to provide a better insight of
complex wheel-rail mechanics the dynamics of the wheelset are analysed using various
methods (Eigen value analysis, root locus, etc.) at different speeds and in different

contact conditions.

In Chapter 4, simplifications in the wheelset model are introduced in order to
simplify the design of the estimators. The design detail of the Kalman filter is presented
and preliminary estimation results are presented to show the working of Kalman filters in

different contact conditions.

In Chapter 5, multiple model-based contact condition estimation scheme is
presented. Two designs with the same basic principle are proposed. The design detail of

each scheme and the simulation results with detailed discussions are presented.
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In Chapter 6, basic idea of the fuzzy logic reasoning is presented. Then a brief
introduction to the fuzzy inference systems is presented. Design of the fuzzy logic-based
decision making systems for Design-I and Design-1I are discussed in detail (including
choice of type fuzzy system, type of membership functions and choice of defuzzification
method). In the end, simulation results are presented for Design-I and Design-II to show

the potential of this research.

In Chapter 7, primary aim of this thesis and progress made towards this goal is

summarised. In the end some suggestions for the future research directions are presented.
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2. LITERATURE REVIEW

The railway wheelset is a very complex mechanical system, its dynamics are influenced
by many factors and uncertain variations in the contact condition make it even more
complex. This chapter provides a literature review of the modelling and dynamics studies
that have been carried out previously by other researchers. More relevantly, adhesion,
factors affecting adhesion, solutions and proposed solutions for improvements based on

previous research findings are detailed.

2.1 Railway wheelset modelling and dynamics

Railway wheelset dynamics are governed by the forces generated at the wheel-rail
contact patch. These forces are nonlinear in nature and can be calculated in a number of
ways, depending upon the mode of the wheelset operation. A common approach for the
wheel-rail contact model is to use a linearised model based on Kalker coefficients [9]
because during normal running conditions creep is small and the creep forces vary
linearly with creep. Therefore, in many studies of railway vehicle modelling and control,
the linear model of the wheelset is considered [6, 8-9, 11, 17-23]. For example, the linear
dynamic model is used to study the dynamic stability of the wheelset on straight and
curved tracks, in order to apply active control [18]. In condition monitoring applications
a linear wheelset model is used also to estimate the creep forces generated at on the
wheel-rail contact patch [6]. However, when creep is large and the traction and braking
modes of railway vehicles are considered, the linear model is deemed an inappropriate
choice and nonlinear equations are used to describe the relation between creep force and
creepage. The nonlinear relation of creep forces with creepage is due to the presence of
nonlinearities such as the nonlinear wheel-rail profile and the nonlinear friction-creep
characteristics of the wheel-rail contact geometry [24]. Various factors such as vehicle
speed, adhesion level, track geometry and suspension parameters influence creep forces
and in turn wheelset dynamics, but adhesion level is a very significant factor here
because adhesion is highly unpredictable and can vary to a great extent from site to site.
When adhesion is low and the vehicle is accelerated with a tractive effort, wheel micro-
slip occurs. Eventually, maximum adhesion is reached, in which case the vehicle fails to

exert further increases in tangential force. Since the tractive effort in the wheel shaft is
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still increased, wheel macro-slip takes place and increases [25]. Wheel macro-slip can be

avoided by means of an appropriate braking and traction control system.

2.2 Adhesion and adhesion management

A train is driven as a result of traction on the contact patches between steel wheels and
steel rails. The advantage of using steel wheels on steel rails is low rolling resistance.
This advantage, however, also poses a disadvantage: the wheel can only transmit
relatively limited braking and traction forces to the rail. Therefore, the maximum values
of traction are limited by the adhesion coefficient, known as the ratio of tangential force
to the normal load [26]. Adhesion is one of the most significant factors influencing the
dynamic response of the wheelset. The dynamic behaviour of a wheelset running on the
railway track is governed by contact forces in lateral and longitudinal directions, which
in turn are related closely to different contact conditions. In the last few decades, the
railway network has been increasingly exploited, resulting in greater demand for faster
services; consequently, the traction and braking capabilities of rail vehicles have been
increased. However, the friction conditions between wheel and rail have not been
improved, so the low adhesion problem remains a key issue in many railway networks

around the world [25].

A lack of knowledge about the issue is an important reason why slippery tracks are
still a problem, which makes it difficult to take effective and efficient measures [27].
Poor adhesion can be caused by a large number of different factors, and there is often
enormous variation in local adhesion conditions along a particular section of a route. The
main causes of decreasing wheel-rail adhesion are forms of contamination such as water,
rust, oil and leaves [25-26, 28-35]. Although low adhesion can occur virtually anywhere
on the network, there are some locations that are more vulnerable than others. Common
example of these sites can be ‘leaf fall sites’, coastal lines where sea spray settles on
railway lines and industrial areas where industrial pollution such as coal dust from
nearby factories can contaminate the rails. Previous studies have shown that particles of
solid debris are always present on the railhead, even where the rail looks clean. These
particles adhere quite strongly to the rail, and evidence shows that as they become
trapped beneath the wheels, they transmit a proportion of traction or braking forces. The
most significant property of the particles appears to be the size of the surface area over
which oil can spread [36]. Evidence suggests that water reduces adhesion through two
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causes. On debris-free rails it acts as an additional boundary lubricant, while with debris
present it forms a low shear strength mixture which, in minimally wet conditions,
remains on the wear band where wheels contact the rail. In steady rain the debris mixture
1s squeezed aside and adhesion is possibly improved [30]. In dry weather, debris particles
have apparently little influence on the overall adhesion coefficient. Oils on rails are
present in minute quantities and are found to be complex mixtures containing an
unusually high proportion of chemically active compounds. Laboratory experiments
have studied how such oils and related compounds affect friction when present in surface
concentrations similar to those found on the track [31]. Ever since the early days of
railways, autumn leaves have been a source of disruption to train services in those areas
where trees grow close to the trackside [37]. In the UK, train operations can be affected
significantly during autumn leaf fall due to the resulting reduced adhesion, as the leaves
are crushed to form a hard, slippery layer on the rail, which is extremely difficult to
remove [8, 34, 38-39]. A typical variation of the adhesion coefficient with the relative

wheel slip for dry and wet contacts is given in Figure-1.4.

Adhesion Related Incidents during autumn 2000 to autumn 2005
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Figure-2.1: RAIB Statistics on adhesion-related incidents

Low adhesion has an entirely negative impact on the safety and performance of
railway networks. Poor adhesion in braking is a particular safety issue, as it leads to
extended and unpredictable stopping distances, whereas poor adhesion in traction is
primarily an operational issue because it leads to reduced performance [29, 33].
Insufficient adhesion can result in severe wheel slipping or sliding, the former causing a
rapid increase in the speed of the wheels, which leads to heavy wear to the wheel and rail
profile and reduces the lives of mechanical parts, thus increasing overall maintenance
costs. Furthermore, torsional vibrations in the axle are produced, which in turn are
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transmitted to the passenger part of the vehicle create discomfort in the ride. Extremely
low friction values between the wheel and the rail also lead to severe delays and
sometimes even to accidents. When viewed from a historical perspective, the risk from
adhesion-related incidents can be characterised as high in frequency but low in
consequence. There have been very few accidents arising from low adhesion, but the
most significant occurred in November 1985, when two trains collided at Copyhold
Junction in Sussex, resulting in 40 people being injured, 11 of them seriously [3]. In
1994, in the UK, nearly 600 adhesion-related incidents were reported including 91
signals passed at danger, seven buffer stop collisions, one collision with another vehicle
and 503 stations overrun wholly or partially as the result of low adhesion conditions.
Figure-2.1 shows the adhesion-related incidents from autumn 2000 to autumn 2005
reported by the Rail Accident Investigation Branch (RAIB). Railway industries around

the world have suffered a great deal due to the problems caused by low adhesion.

The need for increased wheel-rail adhesion has been recognised for a long time, as it
results in better operating performance and system cost savings. Investigations have been
conducted going over the past 150 years, but despite their efforts rail engineers still have
not found any definitive solution to overcome the problems caused by low adhesion
because the adhesion coefficient is very sensitive to environmental conditions and
vehicle parameters such as speed, axle-loads, wheel and rail profiles, contamination of
contact surfaces and weather [26] and can vary randomly from one site to another in a
short period of time. In order to fight low adhesion, in affected countries some practical
measures have been applied such as vegetation management, rail cleaning and friction
modification [40-42]. However, the usefulness of these methods for friction control has
long been doubted. Friction modifiers use various techniques to enhance the adhesion
level of the rail surface such as by cleaning the track of contaminants such as tree leaves
and snow with a specially designed vehicle [43-44] or by spraying adhesion-enhancing
material such as sand on the rail surface [45-51]. The most common solution still used
today is to spread sand at the front of the wheel-rail contact to enhance adhesion along
the railroad [2]. Of course, the lasting effect of the sand is minimal, as due to air flow
underneath the train, only part of the sand actually makes contact [52]. Sand also
increases the risk of rail insulation, resulting in a dangerous situation whereby a train
cannot be detected by the signalling equipment [1, 4]. Although this problem is
minimised by using a mixture of sand and metal particles, often called ‘sandite’ [2], there

—
Chapter-2. Literature Review Page 12




are several other issues involved such as limited quantities of sandite available on board
and the slower speed at which it has to be applied [3]. High pressure water jets were used
in 1972 to remove leaf films from the rail surface [53-54], but the conclusion was that
water alone was not effective at practical train speeds, although the monitoring of wheel
flats on treated tracks suggested that some improvement in adhesion was attained [55-
56]. During 1974, a number of liquid systems were tested for their ability to increase
wheel-rail adhesion when applied to the railhead by trackside applicators [57-58].
Network Rail, in the UK, applied sandite and water jets to eliminate low adhesion during
the leaf fall season in 2005 [3]. There is an important distinction between the effect of
water jetting and sandite, as the purpose of water jetting is to clean the railhead, whereas
the purpose of applying sandite is to enhance adhesion at the wheel-rail interface. As
such, in severe low adhesion conditions, sandite would be required in addition to water
jetting [3]. Network Rail and its predecessor, performing the role of infrastructure
manager for the national network, experimented with novel methods including surface
scrubbing and laser cleaning. However, these methods proved to be impractical (lasers
only work at very low speed and brushes wear out very quickly). Another problem in
using a modifier is that it does not have exact information about the actual adhesion
coefficient that sometimes results in excessive sanding and causes accelerated wheel
wear and material waste damage to the track structure because of ballast fouling, drains
and switch points, disruption to train detection systems and the premature rotting of ties.
Certain commercial adhesion enhancers currently promoted involve rubbing a solid stick
on the wheel, which leaves a layer of material on the wheel that comes in contact with
the rail, therefore acts as a third layer and modifies friction between the two surfaces
[44]. Although this approach improves friction in certain conditions, the extra layer of

material left on the rails can have some negative effects on the non-tractive wheels.

Railhead treatment has helped rail operators to improve train performance to some
extent, but it is not considered a sufficient step to cope with problems posed by low
adhesion because the choice of an effective measure for certain conditions is difficult. In
recent advancements, automatic devices that control wheel slip during traction and
braking are used. They are generally known as wheel slip/slide protection systems
(WSP), the objective of which, in general, is to reduce stopping distance under low
adhesion conditions and to reduce the risk of wheel damage [1]. An ideal WSP system

would find the maximum adhesion for the given contact conditions and try to keep the
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braking and traction efforts as close to that maximum as possible [25]. WSP systems
usually consist of two elements, one for detecting wheel slip/slide and another that has to
be able to adjust traction and braking force [59]. The most common WSPs are developed
by measuring the difference between the train speed and the wheel rotational speed [60-
61], and they rely on relative speeds measured by sensors that gauge the angular speed of

the wheel and the absolute speed of the vehicle.

There are several practical issues involved in detecting these parameters. According
to [62], the absolute speed of a train is normally obtained from a trailer bogie (or axle),
but the provision of a reliable train speed is a problem when all the axles are affected,
e.g. in braking. The requirement of robust/reliable sensors for what can be harsh working
environments limits the accuracy of measurements. In a different research study,
estimated vehicle speeds were used instead to improve performance in noisy mechanical
environments [63], but conventional re-adhesion control techniques are not particularly
sensitive to condition changes and only large variations tend to be detectable.
Effectively, WSPs are reactive systems, i.e. only ‘activated’ to stop wheel slip/slide
when detected by sensors. In some rail networks, LAWS (low adhesion warning system)
or AMS (adhesion management systems) are used to provide estimates of track
conditions based on a large pool of trackside measurements such as site topography,
track geometry, microclimates and contamination. It is widely recognised that such
localised adhesion conditions can be very beneficial to train drivers and to network
operators, as they can take preventative measures and plan train journeys and schedules
accordingly in order to maximise network capacity and efficiency within the constraints
of the track conditions. Such systems are inevitably very complex and expensive to
implement, and it is potentially difficult to deliver reliable estimates because of the large
number of sensors that need to be installed across a network and the amount of data that

must be collected and processed.

Tribometer trains were used between 1970 and 1995 to investigate the problem of
low adhesion between the wheel and rail. A Tribometer train is usually a heavily
instrumented train, equipped with various sensors, which is used to carry out the
measurements necessary to determine adhesion levels on rail surfaces. The European
Rail Research Institute (ERRI) has been doing thorough research into adhesion
behaviour. The first test was conducted in 1960 using a specially designed bogie to
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investigate the influence of basic parameters on adhesion [1]. It was concluded that the
value of adhesion decreases as the axle load increases and that the influence of the curve
is not significant. The National Traction Power Laboratory (NTPL), in China, undertook
a detailed experimental investigation of the adhesion problem using a specially designed,
full-scale roller rig with actual wheel and rail profiles [64]. The roller could not only
rotate to simulate different train running speeds, but it could also vibrate independently
in the vertical and lateral directions to simulate track irregularities. The adhesion
coefficient was measured under water-contaminated, machine oil-contaminated, dry and
clean surface conditions. British Rail (BR) Tribometer trains were also used to measure
the longitudinal creep coefficients [135], which measures the relative longitudinal
creepage between a braked and freely rotating wheelset. The actual brake force is
determined via instrumented brake and suspension elements. A series of runs at various

brake force levels gives a series of points on the creep curve.

Although various different experiments in the laboratory and on real tracks have
attempted to prove the reliability of the measured value, there are several issues that need
to be addressed such as roller rigs and Tribometer trains differing from actual trains in
terms of axle load, speed and other important parameters that can affect the adhesion

coefficient.

Complete and accurate information on available adhesion would be very helpful to
prevent slippage before it occurs. Several attempts have been made, but the data
measurements are not considered practicable from an economic perspective. Methods
using estimation techniques have also used available measurements. In an indirect
method used to identify friction forces between the wheel and rail, friction forces were
recognised by using values attributed to the traction motor armature current. The
proposed model was validated using computer simulations as well as a scaled model, but
the systems were required to become active only when wheel grip was lost, as only in
this way could the maximum allowable traction forces be utilised [65]. Due to the
involvement of nonlinearities in wheel-rail mechanics, the neural network-based
identification of the friction coefficient is proposed [66]. Neural networks have been
used to estimate parameters and the influence of varying friction coefficients. Different
neural network-based algorithms have provided adequate results; however, the influence
of variable running velocity and track disturbance, which have a great influence on the
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creep coefficient, have not been considered. In [67], a method for the identification of
friction force is proposed. The identification is realised by means of observations carried
out in the mathematical model of the physical system and of the driving motor. This
method uses the derivative of the adhesive effort with respect to the slip velocity to
determine the saturation point, which is difficult because the derivation of the slip
velocity is highly sensitive to measurement noise caused by the limited resolution of
practical speed sensors. In a similar work, the derivative of friction force is estimated to
eliminate the problem of sensor resolution [68]. The derivative of friction force is

estimated by means of a high-pass digital filter.

Another approach to re-adhesion control is based on disturbance observation [69],
which estimates disturbance torque by using rotor speed and torque current information.
However, the performances of anti-slip schemes based on a disturbance observer are
affected to a large extent by noises in the system, which can be very substantial in the

wheel-rail contact environment.

In recent research an indirect approach was used for wheel slip detection and
explored changes in wheelset dynamics and in wheel-rail contact conditions [62, 70-71].
The study showed that torsional vibrations of specific frequencies (associated with
material damping) in the axle are produced when creep forces are saturated. This finding
provided an opportunity to develop a novel re-adhesion control technique that could
detect axle vibrations of specific frequencies — and hence wheel slip. Two detection
methods proposed are running FFT to detect the spectrum variation of a particular
frequency, while the other uses bandpass and low-pass filters to obtain magnitude

information on the frequency of interest.

2.3 Condition monitoring

The area of fault detection and identification (FDI) is well known and well developed,
especially in the discipline of control engineering [72]. FDI is a generic term that applies
to all systems, and it is aimed at detecting and identifying faults as they occur. Condition
monitoring can be considered an offshoot of FDI and is applicable mainly to systems that
deteriorate over time [73]. Condition monitoring is the process of monitoring the real-
time condition of a system, and its use allows maintenance to be scheduled, or other
actions to be taken, in order to avoid the consequences of failure, before the failure
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occurs. Monitoring can either be used to improve maintenance procedures for railway
vehicles or to determine the current running conditions of in-service vehicles, without the
use of cost-prohibitive sensors [6]. The generic railway condition monitoring system
uses some level of knowledge of the system in the form of a mathematical model, expert
system, learnt behaviour, etc. and measured outputs to perform its diagnosis, but unlike
other condition monitoring applications the dynamic response of the system is driven by
irregularities in the track, which are difficult to measure and therefore cannot be applied
to a condition monitoring system [9, 74]. The use of condition monitoring techniques to
identify local adhesion conditions along with other condition monitoring parameters has
recently been adopted by several researchers. A number of ideas have been proposed to
detect the running conditions of the wheel-rail interface [6, 9-11, 75-77]. A model-based
scheme for condition monitoring at the wheel-rail interface is proposed in [9] whereby
the adhesion level is identified by measuring the dynamic response of the vehicle to
lateral track irregularities under normal running. This work is carried out further in [6,
78-81], with the primary aim to estimate creep forces generated at the wheel-rail contact.
Estimating these forces has many applications such as local adhesion level estimation,
the prediction of rolling contact fatigue, the prediction of wheel tread wear, the
estimation of track damage caused by specific vehicles and potentially as a cost-effective
method of assessing engineering design changes to wheel tread geometry. An inverse
modelling approach for the estimation of creep coefficients, using measured car body
acceleration, is proposed in [75-77]. There are also a number of other applications in
railway vehicle research that used the interacting multiple model (IMM) algorithm for
condition monitoring [21, 82-85]. In [83], IMM is used to detect and identify failures in
suspension. In addition, multiple Kalman filters are used to describe different modes of

suspension failure.

2.4 Model-based estimation

The Kalman filter is a model-based estimation technique applied in many advanced
control systems in vehicle dynamics applications such as the driver assistance system,
which helps drivers maintain stability, avoid roll-over and customise handling
characteristics, anti-lock brake systems (ABS), used to prevent wheel lock-up, and
traction control systems, which are also becoming popular because they prevent the drive

wheels from losing grip when accelerating [86]. The Kalman filter, due to its robustness
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and accuracy in the presence of stochastic noises, provides an opportunity to estimate
key vehicle parameters such as vehicle mass, tyre cornering stiffness, under-steer
gradient, roll stiffness and the roll damping coefficient. Once vehicle parameters have
been estimated precisely, parameterised vehicle dynamics models with properly
estimated parameters can be used for a wide variety of applications including highway
automation, vehicle stability control and rollover prevention systems [87-90]. The
Kalman filter has also been used in a variety of rail vehicle applications such as actively
controlled railway vehicle suspension, fault detection of railway vehicle suspension, low
adhesion estimation and in re-adhesion control schemes to estimate important parameters

[8, 14, 83, 91].

Adhesion between the wheel and rail varies stochastically and depending upon
several factors. The Kalman filter has been applied successfully in various condition
monitoring applications to detect adhesion variation [8-9], and [38] presents a Kalman
filter-based estimation scheme to estimate the adhesion force coefficient. A half vehicle
model, consisting of two wheelsets, one bogie and a half vehicle body, is used to
simulate behaviour. The dynamics of the wheelset are modelled using linearised creep
forces valid only in the low creep region of the creep curve. In [9], model-based
condition monitoring at the wheel-rail interface is presented. Two applications of model
based condition monitoring are proposed — one for wheel-rail profile estimation and the
other for low adhesion detection. A Kalman filter is used to estimate the wheel-rail
profile and estimation is carried out on a linearised simulation model. In an indirect
adhesion estimation method, the Kalman filter was used to detect slip [62]. Traction
motor speed was used to estimate torsional oscillations, and the results showed that the
Kalman filter provided a level of estimation sufficient for slip detection and it was robust

in a variety of different slip conditions.

The multiple model method is an estimation method using multiple dynamic models.
This method can cope with changes in the structure and parameters of a system. Using a
bank of Kalman filters was pioneered by Magill [92], who employed a parallel structure
of estimators in order to estimate a sampled stochastic process. In recent years, Kalman
filter based localisation has become common practice in robotics literature [93-94]. The
basic philosophy of the method is to use analytical redundancy in the form of several
models. The Kalman filter-based framework provides disparity (typically called a
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‘residual’) between the measured sensor values and the values predicted by the model
embedded within the filter [94]. The model selection takes place based on the value of
the residual signal. The multiple model-based estimation has also been used in railway
vehicle research [21, 83, 85], especially in fault detection application where system
parameters are changed over time. For example, in [21] a multiple model approach to

detect faults in suspension using on-board measured data is proposed.

2.5 Fuzzy logic

There is a variety of vehicle dynamic applications in which the fuzzy logic is used,
especially in automatic steering and intelligent control for vehicle systems in which the
vehicle dynamics have various structured uncertainties and nonlinear characteristics. Not
only are uncertainties unknown or poorly known, but they also may be subject to change
as the vehicle goes about its navigation [95]. In such situations, the lack of information
about parameters makes it difficult to design a conventional control scheme, so fuzzy
logic is considered better suited for such types of application. Other applications include
the use of logic-based control for the purpose of determining and assigning desired wheel
slips for each corner of a vehicle [96], a fuzzy logic controller to control the lateral
motion of the vehicle [97], yaw moment control based on fuzzy logic to improve vehicle
handling and stability [98] and a fuzzy rule-based Kalman filtering technique for an
accurate estimation of the true speed of a vehicle [99]. There are various railway vehicle
applications where fuzzy logic is used either for estimation or for control [100-103], and
[100-101, 103] present techniques based on fuzzy logic to control the steering and
traction torque of the wheelset, while [102] presents fuzzy logic-based gain scheduling

control for a nonlinear suspension system.

Gaining accurate adhesion information is not only a problem in rail vehicles but also
road vehicles, which also require adhesion information for efficient traction
performance. Similar types of approaches can be applied to road and rail vehicles in
order to estimate adhesion forces. A re-adhesion control scheme for wheeled robots
based on fuzzy logic using estimated adhesion force is presented in [104]. Adhesion
information is obtained through an ordinary disturbance observer, and fuzzy logic is used
to control the driving torque to prevent the slip phenomenon. Furthermore, there are
various industrial applications in which fuzzy logic is used as a data/model selector [105-

108]. The data selection process is required particularly in multiple model-based
—
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applications in which various models produce different sets of data. Therefore, some sort
of decision-making system is required that can compare the actual result with the output
produced by various models and identify the most valid model among several. Fuzzy
logic is useful in circumstances where it is practically impossible to describe all the
nonlinearities and changes in parameters using a multiple model-based system; therefore,
fewer models are used to design the system, and the possible behaviours of the system

are described using these fewer models.

2.6 Summary

The presence of contaminations on rails such as snow, water, oil, tree leaves etc. presents
a serious challenge to traction and braking control systems. There is currently a paucity
of knowledge regarding low adhesion and it is based largely on subjective observations,
for the most part offered by drivers. Available techniques for railhead treatment are not
sufficient to cope with the problems arising from low adhesion, and the absence of an
adhesion measurement tool is the major reason why slippery tracks are still a problem. In
order to make the current measures more effective, it is necessary to provide real-time
information about track conditions as the train travels along the track. This will help
traction and braking control systems (WSPs) to maximise the use of available adhesion

and thus maintain the stable operation of the railway vehicle.

The dynamic response of the railway wheelset on any creep curve depends on the
location of the operating point on the creep curve. As the operating point moves up and
down due to the application of traction and braking forces, the dynamic response varies
accordingly. Specifically the dynamic response of the wheelset at a particular operating
point on any given curve depends upon the slope of the creep curve (j—‘;) and on the

traction ratio ( 5.
Y

This thesis proposes a novel technique to identify adhesion conditions by using the
afore stated fact that the dynamic properties of the wheelset are affected strongly by
nonlinearities and changes in the contact condition. The proposed idea involves the use
of a number of carefully selected mathematical models (or estimators) to mimic dynamic
train behaviours in response to different track conditions. Each of the estimators is tuned

to match one particular track condition in order to give the best results at the specific

P — e -
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design point. Increased estimation errors are expected if the contact condition is not at or
near to the chosen operating point, while the level of matches/mismatches is reflected in
the estimation errors (or residuals) of the models concerned, when compared with the
real vehicle (through the measurement output of vehicle-mounted inertial sensors). A
fuzzy reasoning procedure is developed to translate and map the estimation residuals
from all the models into direct information on track conditions and adhesion levels,
which in turn can be used by train drivers and network operators (or traction/braking

control systems). All the simulations are carried out in the MATLAB/SIMULINK

environment.
k) Slope = au =0
dy
Traction Ratio = A
Hit-=--=frmmmmm Vi

>y
Vi

Figure-2.2. Basic concept of contact condition identification

The basic idea of the proposed model can be explained with the help of Figure 2.2.
In this Figure, at operating points a and b, the slopes and the traction ratios are different,
so the residual would also be different. In addition the amount of tractive effort would
also be different and, by analysing the residual values and the tractive torque, it is
possible to identify these two operating points. It is possible too that two operating points
have the same traction ratio or same slope. For instance, in this same Figure, the slopes
of the operating points x and y are the same but the traction ratios are different. Therefore
the residual values would be different and therefore the contact condition is identifiable.
However, in some cases, such as z; and z,, where the slopes and the traction ratios are
approximately the same, no significant difference is expected from the residual values. In

such cases, tractive torque can provide additional information to differentiate between

A e - -
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two operating points. It is highly unlikely that two operating points can have the same
slope, traction ratio and same amount of tractive effort. Therefore it is concluded that the

contact condition may be identified by analysing the residuals and the tractive torque.

A similar kind of work is also presented in [10-11], which uses the vehicle mounted
inertial sensors to estimate the creep force during normal running condition. Apart from
methodology the major difference between this work and the work carried out in [10-11]

is that, in this thesis normal running condition as well as traction mode are considered.

A R R
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3. WHEELSET MODELLING

3.1 Railway vehicles

Railway vehicles employ steel wheels that run on steel rail tracks, which provide support
and guidance functions. The interface between the two is established at contact point(s)
between the wheels and the rail surface, and both the vehicle configuration and the track
greatly influence how vehicles behave [109]. Figure-3.1 shows the configuration of the
most modern passenger-carrying railway vehicles. Each car consists of two bogies, each
of which has two sets of wheels. The purpose of the bogie is to carry the weight of a
vehicle along the track at the required speed and with a high degree of safety. In so
doing, and as far as practicable, it isolates the vehicle from dynamic forces and
vibrations resulting from motion. The car body is connected to bogies via suspensions
(secondary suspension), the purpose of which is to provide good ride quality by isolating
the car body from vibrations induced by track irregularities. The wheelsets are connected
to the bogie via primary suspensions, whose elements are much stiffer than in the
secondary suspension system and are designed to satisfy the vehicle’s stability and
guidance requirements. The left and right side wheels in each wheelset are connected
rigidly via a common axle (known as the solid-axle wheelset) such that the two wheels

have to rotate at the same speed.

O 0 0O 0O O

—/ \ Car Body /
| | Bogie-Z\_
Bogie-1 q] ¥ Secondary

vy
AAAA e
v

Suspension
i | Bogie
V\ Frame
Primary
Wheelsets Suspension

Figure-3.1: Railway vehicle configuration

A wheelset is a vital element of railway transport and is in direct contact with the
track, so its dynamics are influenced directly by changing contact conditions. This study

is fundamentally focussed on a single solid axle wheelset which has a direct interaction
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with the track. Therefore, a single solid axle wheelset is considered in this study. The
dynamics of the bogie do have some effect on the wheelset dynamics but the end result is
not too different from single wheelset and also in various other stability and guidance
studies the primary focus of the study has been on a single wheelset which can be easily
extended to two axles and a full vehicle with some modifications [9, 14, 17-20, 23, 31,
70-71, 110-111]. The simplified plan view of the wheelsets in a bogie frame is shown in
Figure-3.2. The single solid axle wheelset consists of two wheels connected rigidly to an
axle (hence the name ‘solid axle wheelset’). The wheels are considered as two rigid
cones, although in practice they are of a profiled structure. The flanges are a necessary
precaution and they should never touch the rails except on sharp curves to meet an
accidental, lateral force [112].The coned tread helps the wheelset to maintain a pure

rolling motion in a curve, if it moves outward and adopts a radial position [15].

Figure-3.2: Railway wheelsets in a bogie frame

When the wheelset is moved laterally, the rolling radius of the one side increases,
which means that one wheel has to cover more distance than the other wheel, but as both
wheels are fixed rigidly and they have to run at the same speed, the wheelset is forced to
yaw about the vertical axis (Figure-3.3), and this yaw angle causes the wheelset to align
back into the centre position if pure rolling is maintained. However, an unconstrained
solid axle wheelset is unstable at non-zero speeds, crosses the central line and overshoots
to the other side, exhibiting sustained oscillation in the lateral plane, a phenomenon
known as ‘wheelset hunting’ [111]. In 1883, Klingel presented the first mathematical

—
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Figure-3.4 shows a wheelset running on a straight track. The coordinate system

oxyz moves synchronously with the wheelset at the speed of the vehicle, while origin O

is constrained along the centre line of the undistorted track. The x-axis points along the
rails in the rolling direction are also known as the ‘longitudinal direction’, and the y-axis

(lateral direction) is a 90° lag to complete a right-hand coordinated system. The z-axis

points vertically upwards. The yaw angle (i, ) is the angular displacement around the

vertical axis.

3.2 Creep and creep forces

Creep is said to exist when a wheel deviates from pure rolling, that is the distance
covered by the wheel in one revolution is not equal to the circumference of the wheel.
Pure rolling rarely takes place, and wheels and rails are not rigid [115]. The normal load
between the wheel and rail causes local elastic deformation, and an area of contact, the
contact patch, is formed. In the contact patch the material is compressed at entry before a
section where adhesion takes place then a section where the material slips out of
compression and finally exits in tension [19]. Creep is defined as the relative speed of the
wheels to the rail and is characterised as lateral and longitudinal creep in accordance
with the direction of motion. If a longitudinal force is applied to the wheel, a deviation

from the pure rolling motion occurs. The deviation in relative velocity, divided by the

forward speed of the wheel, is referred to as longitudinal creep (7, ) [116].

y, = (3.1)
v

14

where v, is the vehicle’s forward speed and v, the equivalent linear speed of the wheel,
which is given by

Vy =QyF (3.2)
where r is the contact radius of the wheel and @, the wheel rotational speed. The linear

speeds of the left and right wheels are not equal if the wheelset is displaced laterally
from its centre position (because of the different contact radii). In that case, the wheel’s
linear speeds are formulated in equations (3.3) and (3.4) for the left and right wheels

respectively, considering the wheelset is laterally displaced to the right.

Vo =07, + A, (0, — )] (3.3)

“
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Vor = O ¥, — 4, (¥, = ¥,)] (3.4)

where @, is the left wheel’s angular speed, @,, the right wheel angular speed, 7, the

radius of each wheel when the wheelset is running in a centre position, A, the wheelset

conicity and y, the disturbance applied by the track in a lateral direction. Usually there

are four inputs to the vehicle from the track: vertical profile, cross level, lateral
alignment and gauge [13], but only lateral disturbance is considered here because of its
direct effect on yaw and lateral dynamics. Irregularities in the gauge are very small as
compare to y, therefore, are not considered in this study. Yaw movement will also

contribute to the longitudinal creepage in opposite directions for the two wheels [70].

Creepage for the left (y,, ) and right (7., ) wheels can then be written as

— Ly -
Vil = Fo®yp —Vy +[ eV + Dup A O y’)] (3-3)
v, v, v
@ =V LV | O (=Y,
) tePa Ve (L o =Yy )] (3.6)
vv Vv vv

where L, is the track’s half gauge, y,, the yaw angle of the wheelset and y, the lateral

motion of the wheelset. When a wheelset is displaced laterally, yaw torque steers the
wheelset against the restraining effect of the suspension. If a wheelset is forced to run at

an angle of attack to the rails, lateral creepage (y, ) is produced [13], which is defined as

the relative lateral velocity divided by the forward speed [115].

Yy
}/yz}/sz}/yL:_‘:—_l//w (37)

Spin creepage has an important value when flanging [19], but in this study flange

contact is not taken into account. The total creepage for each wheel is given by

YL=AYn Y, (3.8)
Vr =\/73R +7_§ (3.9)

The delivery of traction and braking is achieved through longitudinal creep. Lateral
creep is usually minimal compared to longitudinal creep, unless a vehicle is operating on

the curves, but it still plays a significant role in the stable operations of the wheelset.
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Figure-3.5 shows a typical nonlinear variation of the adhesion coefficient with creep.
The creep curve can be divided into three regions to describe the stable and unstable
behaviour of the wheelset. The initial part of the curve is linear and a low creep section,
in which almost the entire contact area is occupied by the non-slip region; the wheelset
operates in this region when the vehicle is operating in steady conditions. With the
increase in tractive effort, the slip region at the wheel-rail contact patch increases and the
non-slip region decreases. When the tractive force reaches its saturation value, the non-

slip regions disappear and the entire contact area is in a state of pure sliding.

=

D D >

o Nonlinear Unstable
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< @ @Non-Slip

>

Creep

Figure-3.5: Creep vs. adhesion coefficient

Figure-3.6: Creep forces at the contact patch

3.2.1. Creep forces

Creep force occurs as a result of the difference between the relative speeds of the wheel
and of the rail [17]. When a wheel deviates from pure rolling, during acceleration,
braking or curving or when subject to lateral forces through the suspensions, forces

tangential to the normal force are transmitted to the rail at the contact patch. These are

—
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called creep forces and occur due to micro-slippage or creepage in the area of contact
[19]. The relationship between creep and creep forces has been studied thoroughly by
Kalker [117] and his equations are widely used in simulations. The following figure

illustrates creep forces generated at the contact patch.

The forces between the wheel and rail due to creepage are of fundamental
importance to the dynamic behaviour of railway vehicles because they are widely
recognised to present nonlinear characteristics as a function of creep, as shown in Figure-
3.7. In normal running conditions where creep is small (area before 4, in Figure-3.7), the
contact forces provide a damping effort to the dynamic modes of a wheelset and are very
useful in stabilising those modes, which would otherwise be almost critically damped. In
this case there is adhesion over the complete contact area (according to the Hertz theory)
and there is a linear relationship between creep forces and creepage [15].This is in the
form

Fo=hyy J=LR (3.10)

F, =1y, (3.11)

where f,, and f,, are creep force coefficients and represent the slope of the creep curve
at the operating point of the wheelset. As creep increases, contact forces can operate in
the nonlinear region (between x4, and £, ), where the rate of change of the creep forces

and their associated damping effect is much lower. For large creep sections of the creep
curve, the representation of creep forces in longitudinal and lateral directions for the left

and right wheels is given in the following equations:

Vi .

Fip = Fp. ™%, i=xy (3.12)
Yr

ELzFL'Zl—ﬂ i=x,y (3.13)
VL .

where F, , F, ,F,, and F, are creep forces in longitudinal and lateral directions for

the right and left wheels respectively, and F, and F; are total creep forces for the left
and right wheels at the wheel-rail contact patch and are a function of the adhesion

coefficient ( x ) and normal force (N ).

F, =N, J=L,R (3.14)

—
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Figure-3.7: Creep vs. creep force

When creep is beyond the point of the maximum adhesion available ( 4, in Figure-

3.7) at the wheel-rail interface and enters the slip and unstable region, contact forces will
then become a destabilising element, which not only causes the well-known problem of
wheel slip (in traction) and slide (in braking), but also can lead to other undesirable

mechanical oscillations in the wheelset.

3.3 Wheelset dynamics

It is essential in the study of wheelset dynamics to develop and use a comprehensive
model that includes all relevant motions related to the contact forces, because strong
interactions between different motions of the wheelset through creep forces during
wheel-rail contact act in both the longitudinal and lateral directions. In this section a
comprehensive wheelset model is introduced, which considers all the relevant motions.

A single solid axle-powered wheelset is considered for basic study, with a traction motor
mounted on the right side of the wheelset. Therefore, traction torque (7)) is applied

directly to the right wheel. It is assumed that the normal load on either side of the
wheelset is the same. Railway wheelset has several degrees of freedom. The lateral
displacement and the yaw angle are two small movements relative to the track. The

displacement along Ox and the rotational motion around Oy are determined by
longitudinal speed v,. The rolling radius » of the wheel, the wheelset centre of gravity

height z and the roll angle around Ox are linked to rails when there is contact on both
rails [109]. The longitudinal motion of the wheelset is a result of left and right wheel
creep forces in the longitudinal directions.

MXx=Fy+F, (3.15)
where M, is the mass of the vehicle (referred to the wheelset). The wheelset yaw angle is
considered positive in the anticlockwise direction and is the result of the difference in

longitudinal creep force between the two wheels.

T —— e -
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Ly, =FaL,—F, L, —ky, (3.16)
where I, is the yaw moment of inertia and k, is the stiffness of the yaw spring that
connects the wheelset with the bogie. When the wheelset is moved in the lateral
direction, one of the wheels has greater contact radius than the other, which introduces a

small roll motion, the roll motion formulated as [19].

g, =T8T o Ll (3.17)
2L, L

g

Lateral dynamics are determined by the total creep force of the two wheels in the
lateral direction.

m,y, =—Fp—F, +F +F, (3.18)
where F, is the centrifugal force which is taken into consideration when the wheelset
runs on a curved track (given in equation (3.19)) and Fy is a gravitational stiffness force
depending on the lateral displacement and roll angle of the wheelset [19] (given by

equation (3.20)).

F =% (3.19)
Rc
_ _ I8V 3.20
Fg - _mwg¢w - I ( )

g
R, in equation (3. 19) is the radius of the curve. The wheelset is driven by the traction

motor mounted on one side (the right side in this case) of the wheelset. The other wheel
is driven by torsional torque transmitted through the axle.

I, =T, - T, - Ty (3.21)

Lo, =T-1; (3.22)

where T, is torsional torque and T and 77 are the tractive torques of the right and left

wheels respectively. The torsional torque along the shaft is determined by the difference

in rotation between the two wheels [70]:

T, = ksj(wwk ~o,)dt +C (@, —0,;) (3.23)
where C, is the material damping of the axle, which is usually very small and therefore
can be neglected. It is assumed that there is no bounce motion (off the rail), in which
case roll motion is constrained by the track and does not have a significant effect on

creepage. Consequently, it is not considered for further study. After substituting the

creep force equations, the equations for the motions of the wheelset are given below.

F
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. 1, N ro,.-v, LW, o1 0,-)
M x= [ 2R R2 l: , -[ R W, = ]
}/xR +ny v v v

’ ' ' (3.24)
/JLNL rowwL —vv +[Lgl/./“' + Cl)lew (yu —yt )]

2 2
VYatyy L W Vv & .

[ T

— Ly -
le/'/'w — /jRNR - roa)wR vv _[ ng + wwkﬂ“w(yw yt)] Lg
N T Yy Yy V : (3.25)
_ luLNL roa)wL _vv +[Lgl/.lw + wwLﬂ’w(yw —yt)]TL _k W
g W w
\U’fL +7y2L L Vv Yy Yy -
N, [y, Ne |5
1N, [y _WW]___ELR_[y _%} (3.26)

m“’j}“' =T
\“’fL +7§L

+

-

Vs N4 312 +y iL Vs

: N - Ly, A, -

[Ra)wR =T,—K595—”0 /';R R2 [roa)wR v, _[ g!// +wwR w(yw yt)]J (327)
‘\’ }/xR +}/yL Vv V‘, Vv

where 6, = j(a)w R~ O, )dl

: N v, Ly, A, -
Lo,=K6 -r, /L:L L 2 |:rowwL Y +[ I 4 PuL w (Vs yt)]:| (3.28)

WIny +}/yL vv vv v

Equations (3.24) to (3.28) show the complexity of the wheelset dynamics with all
the motions of the wheelset interdependent on each other. A Simulink model, shown in
Figure-3.8, based on these equations is developed. A random track input y, is generated
to simulate wheelset dynamics in the presence of track irregularities. Figure-3.9 shows
the creep curves used during the simulation. Curve 1 represents a good dry contact
condition, providing a sufficient adhesion level for the proper operation of a railway
vehicle, and Curve-2 represents a contaminated track. It is well-known in railway vehicle
dynamics that an unconstrained solid axle wheelset (i.e. without yaw stiffness) is
unstable and will produce kinematic oscillations at all non-zero speeds. Figure-3.10
shows the step response of unconstrained wheelset dynamics when the wheelset is
running at a speed of 20m/sec. The contact condition used in this simulation is
represented by creep curve-1. A small step disturbance of Smm is applied in the lateral
direction after 1 second of the simulation during normal running condition of the vehicle
under zero tractive effort. The frequency of kinematic oscillations in Figure-3.10 is 2Hz,

which can be calculated using Klingel’s formula given in equation (3.1).

“
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Figure-3.10: Step response of an unconstrained solid axle wheelset at 20m/s

When yaw stiffness is provided to the wheelset, the yaw and lateral dynamics are
stabilised for range of speed values, depending upon the amount of stiffness provided.
Figure-3.11 demonstrates this phenomenon when the wheelset is operated at 20m/sec

with yaw stiffness.
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Figure-3.11: Step response of a constrained solid axle wheelset at 20m/s and K,,=5%10°N/rad
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Figure-3.12: Step response of a constrained solid axle wheelset at 60m/s and K,,=5%10°N/rad

Figure-3.12 and Figure-3.13 show the results of yaw and lateral dynamics when the
wheelset is operated at the same speed and with different yaw stiffness. In Figure-3.12
the yaw stiffness is higher, so the wheelset dynamics are stable at a higher speed
(whereas, in Figure-3.13 with a less stiff spring, the wheelset is unstable at higher
speeds). Nonetheless, the problem with high stiffness is that it degrades the natural

curving ability of the wheelset.
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Figure-3.13: Step response of constrained solid axle wheelset at 60m/s and K,,=1.8 x10°N/rad
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Figure-3.15: Wheelset dynamics in different contact conditions

Another unwanted phenomenon in wheelset dynamics is the wheel slip, which is
result of the presence of insufficient adhesion to apply acceleration and brakes properly.
Figure-3.15 demonstrates the consequences of a low adhesion condition on wheelset
dynamics. Tractive effort is gradually increased during the simulation, as shown in
figure-3.14, and the adhesion level is dropped during the simulation (at t=5 sec), which

results in the torsional vibrations of the specific frequency, defined by the material
—
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stiffness and material damping of the axle, as shown in Figure-3.15. Because of the slip
the speed of the wheels increases abruptly (Figure-3.16), causing the mechanical parts of
the rolling stock to wear down quickly and waste of power, whereas the increase in

vehicle speed is much slower (Figure-3.15) because of the wheel slip.
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Figure-3.16: Wheelset dynamics in different contact conditions
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4. ESTIMATORS DESIGN

4.1 Simplification of wheelset dynamics

The main objective of this study is to develop a new model-based technique to detect
changes in wheel-rail contact conditions by using the least number of on-board sensors.
One of the major steps in doing so is to estimate the wheelset dynamics in different
contact conditions. For practicality purposes, it is necessary that the design of the
estimators should be as simple as possible by considering those wheelset dynamics
related directly to contact conditions. Previous studies have shown that lateral and yaw
dynamics are sufficient to detect these changes [8-9, 14, 118-121]. Therefore, some
simplifications in the wheelset model are introduced for the estimator design. The
simplified equation of creepage involving only yaw and lateral dynamics is given below.

The longitudinal creep of the left wheel is given in equation (4.1).

L y —
y, ==, Dy A (Vi = ¥,) 4.1)
v\l vv
o, vir, 1 . i .
where = =— . As such, equation (4.1) is rewritten as
vV vv rO
L l/./W lw yw —yl) 4.2
7xL = gv + ( r ( )

Right wheel longitudinal creep and lateral creep are given in equations (4.3) and

(4.4) respectively.
L l//u ﬂ' .
R O Pt ) (43)
vV rO
. — _Yw
7y_7yR_}/yL_v__Ww (44)
The simplified equations of lateral and yaw dynamics can then be written as:
lej/.w = F;RLg - FxLLg - kwl//w (45)

IURNR [_ ng“' +2’u'(yw—yt):|Lg_ IULNL [ngw +ﬂ’w(yw—y1)

]w!ﬁw = }Lg —kwl//w
Vre+ral v " Vatrul ™ . (4.6)

m,y, =—Fp—-F, +F +F, (4.7)
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2 [&—wu,]——"k—]\’*;[—y'l—ww] (4.8)

m oy m L
wyw 2 + 2 Vv 2 + 2 Y
Vi 7yL v VxR }/yL v

The simplified model has several advantages in estimator design, without having a
significant effect on the results [119-121]. The major advantage is the simple design of
the estimator with a minimum number of states that allow the estimator to converge
quickly. The yaw and lateral dynamics are excited by lateral track irregularities; hence,

torque input is not required for the estimators in the simplified model.

4.2 Linearisation of creep forces

In equations (4.5 and 4.7) creep forces Fir, Fx1, Fyr and Fy; have a nonlinear relationship
with creepages 7, and y,. Therefore, these creep forces are linearised at specific operating
points on the creep curve in order to design the Kalman filters. The first order
approximation of longitudinal creep force for the right wheel around an operating point

(Pxro> YyRo) is given in the following equation:

VxR OF r OF r
F,=F, 2% =F_ + x A + XAy 4.9
xR R Ve xRo éyxR (¥xRo s ¥yRo ) VxR a}/yR (¥xko>YyRo ) VR (4.9)
where
OF , 0 Y
— = F, ) (4.10)
oo oo ) (Fr 2 .2
a}/xR a}/xR }/fR +}/;R o)
Placing F, = ;N into the above equation and considering e _ 2}/ — gives
OY VY ¥ ViR
OF .

2 2
Y OHgr | VyrHr
—= = Ng( + ) =g 4.11

where g%:— is the slope of the creep curve at point (yxro, Yyro) and Nz is the normal
force applied to the right wheel. As only singe wheelset is considered in this study
therefore only quarter of the vehicle mass is considered for the calculation of normal
force on single wheelset, which is further divided into half for the left and right wheels.
For the vehicle running on straight track lateral creep is very small as compare to
longitudinal creep. Therefore, when the vehicle runs on straight track, the value of gg;; at

any operating point depend upon the slope of the creep curve at operating point and the
—
e
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normal force. Assuming normal force is constant then gg;; only depends upon the slope

of the creep curve. In the other half of equation (4.9),

anR _ 6 (F }/x )
( xRo > o) - R
8ny Ysko s V5R _5}’yR \/731% +}/y2R Gty
N, }’xk}z’yR (5/1R _Hr )] = g 4.12)
L g 5}’R Yk (Yako»73R0)

The value of gg;, depends upon the difference between slope of creep curve and
traction ratio at operating point. It is positive when the wheelset is operated in the linear
region of the creep curve because of the high slope and is negative when the operating
point is moved up on the creep curve where traction ratio ( %) is high and the slope of

R
the creep curve is decreased. Substituting values gg;; and gg;2in equation (4.9) gives

Fop = Fpy+ 8riiAVar + r1207 R 4.13)
or in small signal form
AF g = Fop —Firy, = 8riildVar + 8r128V R (4.14)
where
L '7[/“, lw (J)‘4 —y’) L y.lwo ﬂ'w (ywo _ylo)
A}/xR:}/xR—}/xRo:(— i - y )_(_ gv - ” ) (4'15)
L, -¥.,.) AO0.—%,) A0 -¥,)
Ay g =t ee) Dl T ) SO (4.16)
L Ay
A}’xR __ s V., _ ﬂwAyw " ﬂwAy, (417)
v\' rO rO
and
Vo Vo
A}/yR :}/yR _}/yRo :(i__l//u)—(v_—l//wo) (4.18)
i 3 Ap
Anwi—w—h—wwﬂ//wf vy -Ay, (4.19)

v v v

Finally, the small signal form of the right wheel’s longitudinal creep force is given as:

LAy, AAy, A,Ap, Ay
T D y]+gm[%”-—Aww] (4.20)

v o rO v

AF p = grl—

—
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Similarly, the first order approximation of the longitudinal creep force for the left

wheel around an operating point (yx,, ¥yL0) is given as

YL oF, oF,
F,=F,.—=>==F, +—= XAy, +—= X A 4.21
L L v, L gny (¥xLo>¥5L0) £ a}/yL (YsLo57y10) 7yL ( )
where
OF, vy ou, VYt
—= = N, (FZE—L+22 ) =8 4.22
O a1 T [ ' 4 f 01 Y z (YstorYst0) ( )
and
oF, [ YaVu Ou; H ]
—= =|N = (——5-=5) =g, 4.23
0y 1 o Pte) Yoo on Fator Fyto) ’ (3:23)

and the small signal representation of e equation (4.21) is given as

LAy, AAy., ANy, Aj
AF, = g, [ 4 T - D g [ - Ay, ] (429)

v o [2] v

Now, the lateral creep force of the right wheel is linearised as below:

Fp=Fp 420k Ayt o A
R = Lyro T oy |(mo,ryRo>x Vst 7 (FaorTo0) DV 3R (4.25)

YrVyr | O
VR Yr VR (Yo >V 3Ro)

2 2
+ N {%R Oty 4 Var Hr (4.26)

" X AY g
Ve O%r Y Ta ](y o
xRo >/ yRo

and considering

w¥o [0 wOuy, | 7n
an:NL7L7yL|: /UL_/‘L} and gR22=NL[}/yL ﬂL+7xL /‘L:|
(Yx20>7310) (Yxzo>7310)

vi oy, ¥ Oy, YL 7y

For a vehicle running on a straight track, grz; depends upon the slope of the creep
curve and the traction ratio, while gr,; depends only upon the traction ratio calculated at

the operating point of the wheelset.

L Ay
g Ww_ﬂwAyw_i_ﬂ’wAyl]_'_g

A3
AF‘yR = gral— - Rzz[j&v‘_A‘//w] 4.27)

v o rO v

Similarly, the linearised lateral creep force for the left wheel is given by

—
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_ aFyL 6FyL
FyL o FJ’LO T a (Yo V3L0) X A}/XL (Yszo>Vsio) % Any (428)

VL yL

2
AF, =N, }/XL}Z/yL [Z'UL - 'UL} XAy, +NL{yy2L Z'UL Y ’UL:I XAy,
}/L }/L }/L (¥x205¥y10) }/L }/L 7L }/L (¥xtos¥yr0) (4 30)
L Ay, ,lA A, Ay, »

AF = g1l & w2 ]+gL22[_"y__Al//w] 4.29
v rO rO VV ( )

4.3 Small signal representation of the wheelset dynamics

The small signal model is only valid at the specific point on the creep curve where
linearisation is carried out. The small signal representation of the yaw dynamics of the
wheelset is given in the following equation:

]wAl/'/'w = Lg(AF:cR - AFXL) - kwAWw (4'3 1)

Substituting the creep forces equation from equations (4.20) and (4.24) gives

. L LAy, A,(A,-Ay,) Ay,
Ay, :_g—[gRll(_ £ - 4 4 )+gR12(~—y_—AV/w)—
Iw v, o v,
I Au 1A ) N (4.32)
V/W W yw_ yt yw
g + » )= &1 y AWM)]_ -Ay,,

Assuming that the normal force on both wheels is the same and the contact condition on
either side of the rails is also the same (i.e. gz, = g;;;and gz, = &;,,), €quation (4.32)

can be simplified as

217 2L o A 2L o, A
A, = - By By (T eny, @)
ro w ro u

w

Similarly, the small signal representation of the lateral dynamics is given as

mwAj}w = —AFyR —AFyL (434)
. Al/./“ lw (Ayw - Ayl) A.w
Ay, = [ngz( —Ay, )+ gp (- - )+gL22(VL—Al//w)
LAy, A (Ay. —-A
+801( gvl// + at y; y’))] (4.35)

If the contact condition and normal force are the same on both wheels (i.e. gr2,=g1,;

and g2/=gr21), equation (4.35) is further simplified as

Ay, =—282 pj 4 2Bup,, (4.36)
m,v, m

w

e —————————
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The final small signal model of the simplified wheelset model is given in the
following equation in the state space form:

o 0 0 1 T
Ay, 0 0 0 1 || D 0
Ay, 28, 28y A
L e S - 0 il o w @
dt Ay m, v,m, Ay
" 2L A 21 o
_A(/'/w_ _“Tg w811 _1‘1 0 _ ¢ 811 _Aww_ W,
L rolw ]w vv]w B - o -

From equation (4.37) it is clear that the dynamics of the wheelset are dependent
upon changes in the contact condition. More significantly, the dynamics of the wheelset
vary with changes in the operating point of the wheelset and depend upon the slope of
the creep curve and the traction ratio at the point where the wheelset is operating. This
shows that not only a change in contact condition has significant effect on wheelset
dynamics but the dynamics are also varied during the application of traction and braking.
Therefore, it is important to monitor tractive effort and wheelset dynamics together in

order to identify the available contact conditions.

4.4 Assessment of wheelset dynamics

Eigenvalue analysis describes the small signal behaviour of the model and allows a much
deeper view into a system by observing characteristics such as the frequency of
oscillation and damping of different modes. The dynamic behaviour of the railway
wheelset varies if the vehicle’s speed, contact conditions or yaw stiffness are varied.
Adequate understanding of the dynamic behaviour of a wheelset requires an in-depth
analysis of wheelset dynamics in different contact conditions and at different speeds. An
analysis of the wheelset dynamics based on the small signal model given in equation
(4.37) is provided in this section. Variations in natural frequency, damping and the root
locus plots with respect to variation in contact conditions and at different values of speed
and yaw stiffness are provided. The minimum and maximum values for the creep
coefficients used are g; 1=g22=1><106 and g;=g,~1x10’ respectively. Figure-4.1 shows
the frequency and damping variations of the kinematic mode when the vehicle is moving
at a speed of 10m/sec. The stiffness of the yaw spring used in simulations is
1.5x10°N/rad. The natural frequency of the kinematic mode changes slightly as the
contact condition is varied, whereas the damping ratio is decreased significantly with an

increase in creep coefficient values.
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Frequency of Kinematic Mode
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Figure 1.1: Damping and frequency variation of kinematic mode (v,=10m/s and K,,=1.5x10° N/rad)
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Figure-4.2: Eigen value migration of the kinematic and high frequency modes (v,=10m/s and K,,=1.5x10°
N/rad)
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Frequency of Kinematic Mode
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Figure-4.3: Damping and frequency variation of kinematic mode (v,=60m/s and K,,=1.5x%10° N/rad)
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Figure-4.4: Eigen value migration of the kinematic and high frequency modes (v,=60m/s and K,,.=1.5 x]10°
N/rad)

Figure-4.2 shows the eigenvalue migration of the kinematic and high frequency
modes for the same speed and yaw stiffness used in the previous figure. The direction of
the arrow shows the locus of the eigenvalues as the creep coefficient is increased. The
values on the right-hand side of the zero on the horizontal axis represent the stable part

of the plane, and the right-hand side of the plane is an unstable portion. As the creep

—
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coefficient is increased, the kinematic mode eigenvalues move towards instability,

whereas in the high frequency mode the eigenvalues are moving further away from the

unstable region.
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Figure-4.5: Damping and frequency variation of the kinematic mode (v,=10m/s and K,,=5 x10° N/rad)

When the forward speed of the vehicle is increased to 60m/sec the natural frequency
of the kinematic mode is also increased proportionally (Figure-4.3). Overall damping is
P /

lower at higher speeds because the damping terms —*and %‘*in the creepage equations

3y

are reduced [109] and finally at some value of speed the wheelset becomes unstable. This
value of speed is known as the ‘critical speed’, which can be adjusted by increasing yaw
stiffness. The eigenvalues of the kinematic mode migrate from the left half plane to the
right half plane as the creep coefficient is increased, as indicated by the arrow in Figure-
4.4. A stiffer yaw spring stabilises the kinematic mode at higher speeds. However, the
high stiffness values of the yaw spring over-damp the kinematic mode at lower speeds,
as shown in Figure-4.5. The damping of the kinematic mode is 100% at lower creep
coefficient values when the vehicle is running at lower speeds. Therefore, a suitable
value for yaw stiffness should be chosen, keeping in mind the maximum speed of the

vehicle, curve radius and various wheel-rail contact conditions.
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Eigen value migration of Kinematic mode
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Figure-4.6: Eigen value migration of the kinematic and high frequency modes (v,=10m/s and
K,,=5x10°N/rad)
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Figure-4.7: Damping and frequency variation of the kinematic mode (v,=60m/s and K,,=5 x 10° N/rad)

Figure-4.6 shows the migration of eigenvalues for the kinematic and high frequency
modes at higher values of yaw stiffness. Both wheelset modes are over-damped at low
creep coefficient values, while the eigenvalues of the kinematic mode move towards the
unstable region as creep coefficients are increased, whereas high frequency eigenvalues

move away. However, the higher yaw stiffness values ensure the dynamic stability of the

E
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wheelset dynamics at higher vehicle speed values, as shown in Figure-4.7. The overall
damping of the kinematic mode is higher at a vehicle speed of 60 m/sec when the yaw

stiffness is 5x10° N/rad.
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Figure-4.8: Eigen value migration of the kinematic and high frequency modes (v,=60m/s and K,,=5x10°
N/rad)

4.5 Kalman filter design

The problem of state estimation concerns the task of estimating the state of a process
while only having access to partial and/or noisy measurements from that process. It is a
ubiquitous problem encountered in almost every discipline within science and
engineering. During the last decades, many research areas (robotics, economic
forecasting, etc.) have looked into the matter of how a system can deal online with
uncertainty in an optimal way. Optimality is hereby often translated into a minimum

mean square error state estimation problem [122].

The most commonly used type of state estimator is the Kalman filter, which is an
optimal estimator for linear systems, but unfortunately very few systems in the real
world are linear. A common approach to overcoming this problem is to linearise the
system first, before using the Kalman filter [123]. The filter has been the subject of
extensive research and application, particularly in the area of autonomous or assisted

navigation. It consists of a set of mathematical equations and provides an efficient

—
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computational (recursive) means to estimate the state of a process in a way that
minimises the mean of the squared error [124]. The Kalman filter was chosen for this
research because it gives good results due to its optimality and robustness in the presence
of stochastic noises applied by the track, it is convenient for online real-time processing
and it is easy to formulate and implement given a basic understanding. A Kalman Bucy
filter, which is a continuous time counterpart of the discrete Kalman filter, is used in this
research for state estimation. Consider the linearised small signal wheelset model given
in equation (4.37), which may be written in the following standard state space form:
x(t) = Ax(t) + Bu(t) + w(t)

Here, x(#) is a vector of the actual states, u(?) the vector of input and w(t) represents
process noise applied by the track. Two sensors (a gyro sensor for yaw rate measurement
and an accelerometer for lateral acceleration measurement), as indicated in equation
(4.39), have been found to be sufficient for the Kalman filter to provide satisfactory

estimation results [121, 125-126].

I_FAyw_
0 0 0
A
0=y 282 _28m A‘;’W +v(7) (4.39)
m, vm, | v
Ay, |

Or, in standard state space form, z(¢)=Cx(¢)+ Du(?)+ v(t) where v(t) is a vector

representing the noise level of the sensors. It is assumed that there is no correlation
between process and measurement noises. The equations for the Kalman Bucy filter are

then given as follows:

x(1) = AX(t) + Bu(t) + K[2(t) - C%(0)] (4.40)
K =PC'R” (4.41)
P=AP+PA" —KRK" +Q (4.42)

In the above equations the -/ superscript indicates matrix inversion and superscript T
indicates matrix transposition. In equation (4.40) x represents the estimated state vector
and K is Kalman filter gain, which is used to weight the measurement innovation

z(t)—Cx(¢) . Kalman filter gain K is calculated using equation (4.41), where P is the

estimation error covariance that depends upon the selection of the measurement noise
covariance R and the process noise covariance Q calculated using equation (4.42).

Process noise covariance () and measurement noise covariance R are calculated using the

following equations:
—
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O = Elww" | (4.43)

R=Ep/| (4.44)

Figure-4.9 shows a block diagram of the Kalman Bucy filter in simple form. A more

detailed diagram showing the pictorial view of Kalman Bucy equations is given in

Figure-4.10. Knowledge of the system is included in the form of a dynamics model,

which has to be detailed sufficiently to include the dynamics of the parts of the system
that are to be estimated [9].

Inputs Measured Outputs
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Figure-4.9: Block diagram of a Kalman Bucy filter
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Figure-4.10: Detailed block diagram of the Kalman Bucy filter

A Kalman filter, based on the small signal model in equation (4.37), can be designed
to estimate the states of the system at specific points on the creep curve. Nevertheless,
this is not a trivial application of the Kalman filter because track irregularities y, that
excite the lateral and yaw dynamics of the railway wheelset are not directly measurable
[9] and cannot be neglected either, which makes the design of the Kalman filter more

E
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complex. This problem can be solved by formulating the unknown parameter into state
equations as part of the state vector rather than an input, such that the dynamics of the

system remain unchanged [118, 127]. Therefore, equation (4.37) is reformulated
whereby y; is treated as part of the state vector by assuming that Ay, = —NAy, + y,, where

N is a small positive constant added to the system to keep the system matrix fully ranked.

The modified state space model and the measurement equation are given in equations

(4.43) and (4.44) respectively.

] |0 0 1 0 ] L
Ay, 28, 28y 0 0 0 Ay, 0
d Ayw mw vvmu' A-}')W O
o Ay, |= _ﬁ 0 B 2L2ggll 0 — 2L 2,8 Ay, |[+]| 0 |Ay,
A)"’ W v\']w ron Ayt |
Ay, —Ay, 0 0 0 N 0 Ay, —Ay, | |-1
B B 0 1 0 0 0 B -
) ) (4.43)

In the reformulated equation the lateral displacement of the wheelset is replaced by
the estimator state representing the lateral displacement relative to the track, i.e. 4y,,-4y;.
The value of constant N and the covariance matrix for track noise Q can be adjusted to

optimally tune the Kalman filter at different operating points.

[ Ay, ]
0 0 1 0 0 Ay,
z2()=| 282 _ 28» 0 0 0 Ay, |+v (4.44)
mw vvmw Ay’
_Ayw—Ayt_

4.6 State estimation

The creep curve shown in Figure-4.11 is used in the initial design and assessment of the
Kalman filters. State estimation is carried out at two different operating points P; and P..
P; is located in the linear region and P, in the nonlinear region of the creep curve.
Assuming that the correlation between the yaw rate and lateral acceleration is zero, and
using gyro sensor (AD22304) and accelerometer (Typical IEPE) data sheets the

measurement noise covariance matrix is calculated as

. . 2 . e -8

Velr. .. w WV 9%10 0
R=E|" "y 3)|=8 " Vr|= N

Y YW V. 0 6x10
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By tuning the process noise covariance matrix Q and selecting a suitable value for
constant N, the performance of the Kalman filters can be studied thoroughly. The
determination of the process noise covariance is a more difficult process, so a trial and
error approach is applied to find an optimal value at any specific operating point. For N
any negative value can be selected because the positive value of the N renders the system
unobservable (undetectable), which is a preliminary requirement when designing the

state estimator.
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Figure-4.11 Creep curve

First, the estimation is carried out in the linear region of the creep curve (i.e. at
operating point P;). The creep coefficients values at this operating point are calculated as
g11=1.17 X1 0’ and g,,=1.1 X1 0’. The optimal value of the constant N found through trial
and error is -0.13. The process noise covariance matrix O is set to 6 X10” The results of
the state estimation are shown in the following figures (4.12 and 4.13). The design of the
filter is based on the small signal mode, so the outputs of the filter show the change in

state rather than the actual state.
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Figure-4.12 Yaw rate (AY ., ) estimation at P
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Figure-4.13 Lateral acceleration (A ,, ) estimation at P

The estimation errors for the yaw rate and the lateral acceleration of the wheelset are
all very small and hence negligible. At operating point P, the values of the creep
coefficients are calculated as g;;=2.7 X1 0° and g2,=6 X1 0°. The best value of N is found

as -0.05. The process noise covariance matrix Q is set to 2 X/ 0’
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Figure-4.14 Yaw rate (A, ) estimation at P
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Figure-4.15 Lateral acceleration (AY , ) estimation at P

Figure-4.14 and 4.15 show the estimation results at operating point P,. Figure-4.14
shows the yaw rate estimation and the estimation error, which is again very low. The
estimated lateral acceleration is shown in Figure-4.15, the estimation error in this case is

also small, which proves that a properly tuned Kalman filter can provide a good
—
Chapter-4. Estimators Design Page 54




estimation of the wheelset states at any specific operating point of the wheelset. As we
know, the design of the Kalman filters is based on a small signal model, so a larger error
is expected if the Kalman filter tuned at P; is operated at P, , as shown in the following

figure.
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Figure-4.16 Lateral acceleration (A),, ) estimation at P, by Kalman Filter tuned at P,

Figure-4.16 shows that the Kalman filter residuals are increased when the operating
point of the wheelset is moved away from the point where the Kalman filter is designed
to operate. In other words, the operating point of the wheelset is reflected in the values of

the residuals.
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5. CONTACT CONDITION ESTIMATION

Model based estimation uses the knowledge of a system in the form of mathematical
model and measured response(s) input to perform real-time estimation of the system
parameters of interest [9]. This chapter presents the use of model based detection for
estimating wheel rail contact conditions. The detection algorithm is formulated based on
the multiple model approach. The multiple model approach has already been applied for
detecting faults in vehicle suspension systems [21, 83-84] and other condition

monitoring schemes. The proposed scheme is shown in the Figure 5.1.

Track Disturbance

!

Tractive Torque Nonlinear Wheelset Measurements
N ~
7 Model rd
> Filter 1 > >
Normalized
> Filter 2 S Moving Fuzzy
Window >| Llogic |> gon:ia.c.t
ondition
RMS of System
: Residuals
%I Filter n > S

Figure 5.1 Multiple Model Based Estimator

This scheme identifies the contact conditions based on residual signals, which are
the differences generated between the observations and the system’s mathematical
model. In order to simulate the behaviour of an actual wheelset the nonlinear wheelset
model introduced in Chapter 3 is used, consisting of the dynamics of the rotational,
torsional, lateral, and yaw motions of the wheelset in the presence of an unknown track
disturbance in the lateral direction with two sensors measuring the yaw rate and the
lateral acceleration. The states of wheelset dynamics in different contact conditions are
estimated using different Kalman filters. Each Kaman filter in the filter bank is designed
and optimally tuned to operate in a specific contact condition. All the Kalman filters are

run in parallel, and the normalized rms values of the residuals with moving time window

E
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(Equation 5.1) are calculated. The rms values of the residuals are then fed into a fuzzy
logic system that examines the rms values to identify the contact condition. The design
detail and the operation of the fuzzy logic system are discussed in the next chapter.

| t

AT J(E; (2)dt
EI_NormaIized = 1 2 = 2 2 (5° 1)
1 1 1 ¢
— (EX()dt | +| — [(EX(t t) +...+(— EX (¢ t)
\/( o) +( - @0 oA 0%

AT t-ar (—AT (—AT

where E;, E,, and E;, etc., are residuals of respective filter AT is the time window for

which the rms value is calculated.

5.1 Basic Idea of the Scheme

This chapter discusses two different designs employed to detect the wheel rail contact
conditions using the same basic principle as illustrated in Figure 5.1. One is focussed on
the saturation conditions of the creep curves and the other on the different creep
coefficient values, as covered in the next two sections. The design aim of the scheme is
to not only determine the available adhesion level but also indicate how far the wheelset
operating point is from the saturation region. Each creep curve in this design is divided
into four sections: linear (P;), nonlinear away from saturation (P,), nonlinear near

saturation (P;), and the saturation region (P,), as shown in Figure 5.3.

M A 7R

Nonlinear

> A
Figure 5.2 Basic Idea of Design I Figure 5.3 Basic Idea of Design I1

> A

Figure 5.4 shows the creep curves used for the design and simulation of adhesion
detection system. The creep curves are created using a contact force model developed by
Polach [136]. This is effectively a curve fitting formula based on experimental results,

rather than any physical mechanism [136]. It is described by

2 k&
F = Q/l ( A
r l+k.e
E
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Figure 5.12 shows the residuals of the filters when the wheelset is operated in the
saturation condition of creep curve C,. At this operating point, the residual of Filter 3 is
minimal, which indicates that the wheelset is operated in the contact condition where
overall adhesion is less than 5%. The residual values in different contact conditions are
summarised in Table 5.3. Which shows when the adhesion level is more than 30% the
residual of the filter-1 is at lowest, when the adhesion level is between 30% and 15%,
residual of filter-2 is at lowest and when the adhesion level is less than 15% residual of
filter-3 is at lowest. The residuals of the Kalman filters vary consistently, as expected.
That makes it easier to develop a decision-making system to identify the contact

condition by analysing the residuals.
5.3 Contact Condition Estimation (Design IT)

In Design II, five different creep curves, shown in figure 5.13, are used as a basis of
various levels of contact conditions. Five Kalman filters are used in this design, and each
of the estimators is tuned to match one particular track condition to provide the best
results at each specific design point. Increased estimation errors are expected if the
contact condition is not at or near the chosen operating point. The level of
matches/mismatches is reflected in the residuals of the models concerned when

compared with the measured wheelset response.

The design of each of the Kalman filters is based on the coefficient values (g;; and
£22). Therefore, a Kalman filter works well whenever the coefficient values are the same
as the linearised model or close to those at the specific operating point it is designed for.
In general, coefficients (g;; and g»,) are high in the linear region of creep curves and are
decreased with the slope of the creep curve in the nonlinear region; at the saturation
region, g;; is nearly zero and g»; is also comparatively low. If the design of the Kalman
filters is arranged in such a way that some of the Kalman filters are designed in a linear
region, some in nonlinear, and some in the saturation region, than it is possible to
determine the operating point of the wheelset as well as the contact condition between
wheel and rail. It is very important to keep in mind the practical aspects of such design
(while choosing number of Kalman filters), otherwise the entirety of the design is useless
if it cannot be implemented easily. For this purpose, the behaviour of the Kalman filters
is studied thoroughly in different contact conditions while maintaining a view of the

practical aspects; thus, only five Kalman filters are used to identify the contact condition.

—
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3.3.3 Case-3 (When the operating condition is changed during the simulation)

Figure 5.23 shows the simulation result when the operating condition changes from P; to
P3 while the wheelset is operated in contact condition represented by creep curve C,. At
the start of the simulation the wheelset is operated at P, which is quite evident from the
figure because the residual of the filter-1 has the lowest value. After six seconds tractive
torque is increased to drive the wheelset contact condition to P;. After another two
seconds when the tractive torque reaches to steady state, the residual of filter-3 is at the

lowest indicating that the wheelset is now operating at P;.

In figure 5.25, the wheelset is operated on creep curve C. and the operating point is
changed from P; to P4. At the beginning of the simulation, the wheelset is operated in the
linear region and, after six seconds, the operating point is switched to P; by the
application of a tractive torque. The simulation takes nearly 3 seconds to reach the steady
value. At steady output, the residual of the filter-4 is lowest suggesting that the wheelset
is operating at the saturation point of the creep curve C.. Residual values are changed
with the changes in operating point (or creep) which if interpreted correctly can be useful
for the drivers to adjust traction forces while accelerating the vehicles. In figure 5.25 the
operating condition is changed from C, to C. during the simulation. At the start of the
simulation, the wheelset is operated in the linear region of the creep curve C,, as
indicated by the residuals, after 5 seconds the contact condition is switched to Ce,
therefore the residual of the filter-5 has lowest value, whereas the residuals of filters,

designed to operate in high adhesion conditions (filter-1, filter-2, filter-3), are increased.

5.3.4 Summary of Design II

The simulations in Design II are carried out at several other creep curves (Figure 5.11),
representing different levels of adhesion, and a table is developed summarising residual
values at different operating points on each creep curve. It can be seen in the table 5.2,
the residual values are gradually changed when the operating condition is changed on
any of the creep curves and large variation is observed when the operating condition
reaches to saturation point. Therefore it is better to separately analyse the residuals on

saturation and non-saturation operating conditions.

e ——————————
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high and are decreased when the adhesion level is decreased until it drops below 7%.
The design of the filter-5 is based on very low coefficient values therefore the residual
values are very high for high adhesion values and start decreasing when the adhesion
level start to drop below 10%. At the saturation condition the residual of filter-4 has
lowest value when the adhesion level is more than 15% and at lower adhesion levels the
residual of filter-5 has lowest values. The values of the residuals of the rest of the filters

are high at saturation conditions.

The Kalman filters show great agreement with the idea proposed earlier and provide
a good consistency even in those adhesion conditions which are not the part of the
Kalman filter design. The results also indicate that the residual values provide a unique
combination at each operating point. That provides a basis to generalise the idea for all

possible contact conditions based on the results summarized in table 5.5.
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6. Fuzzy LoGIC IDENTIFICATION OF CONTACT
CONDITIONS

6.1 Fuzzy Inference System

From the simulation results given in Chapter 5 it is obvious that the variation in residuals
can be interpreted into contact condition information by developing a suitable decision-
making system. The identification of contact condition from the combination of residual
values is a multi-valued logic problem and the fuzzy logic is a suitable and simple
solution for such applications. Therefore a fuzzy inference system is proposed to detect
the changes in the contact condition which takes into account the residuals and the
tractive torque to identify the contact condition. Fuzzy inference systems have been
successfully applied in fields such as automatic control, data classification, decision
analysis, expert systems and computer vision. Because of their multidisciplinary nature,
fuzzy inference systems are associated with a number of names, such as fuzzy-rule-based
systems, fuzzy expert systems, fuzzy modeling, fuzzy associative memory, fuzzy logic

controllers, and simply fuzzy systems [128].

o/p

I/P
—» MF, Rule-1
/P,
—» MF, Rule-2
I/P_3> MF; Defuzzification |,
1P, . :
——» MF, Rule-m

Figure 6.1: General Structure of fuzzy inference system

A generic fuzzy logic system consists of three main parts, as shown in Figure 6.1.
The first part is the input fuzzification, which scales the inputs (on a scale of 0 to 1) and
determines the magnitude of participation in producing the output. The inputs are then
processed according to set rules that are stored in the fuzzy database, and the fuzzified
output is produced, which is a combination of all individual rules. Defuzzification is
required to determine the single scalar output, usually on a scale of 0 to 100. In order to

design a fuzzy reasoning system for any specific application, there are several choices to

A e ]
A e—————
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be made. They include an appropriate type of fuzzy inference system, appropriate input

membership functions and the choice of a defuzzification method.
6.1.1 Types of Fuzzy Inference System

Two types of fuzzy inference systems can be implemented here: Mamdani-type and
Sugeno-type. These two types of inference systems vary only in the way in which
outputs are determined and therefore the design of the first two steps is the same for
either type of fuzzy inference system. Mamdani's fuzzy inference method is the most
commonly seen fuzzy methodology. Mamdani's method was among the first control
systems built using fuzzy set theory. It was proposed in 1975 by Ebrahim
Mamdani [129] as an attempt to control a steam engine and boiler combination by
synthesising a set of linguistic control rules obtained from experienced human operators.
The main difference between Mamdani and Sugeno is that the Sugeno output
membership functions are either linear or constant [130-131], and are therefore not
suitable for this application. In Mamdani-type inference the output membership functions
is fuzzy set. After the aggregation process, there is a fuzzy set for each output variable

that needs defuzzification.

6.1.2 Input Membership Function

M(x)

0.5

0t r ‘ I
0 2 4 6 8 10
X
Figure-.6.2. Bell-shaped Membership function
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There are several type of representations of membership functions that can be used for
specific applications, such as triangular, trapezoidal and bell-shaped. The type of
representation of the membership function depends on the transition in the input variable.
If the transition in the input variable is abrupt, a rectangular membership function is
suitable for such applications [72]. In this particular application the transition in input
variables (i.e. residuals) are smooth, as shown in Figure-6.6; therefore a bell-shaped
curve is used for the input and output membership functions, which can be created easily
in Matlab by using the pimf command. The membership function is shown in Figure 6.2

and is defined by Equation (6.1).

0, x<a
x—a) a+b
2( ), a<x<
b.—a 2
2
1_2(x——bJ , a+be<b
—-a 2
M(x)= 1, ) best 6.1)
I—Z(X—Cj , c<x< Al
d.—c 2
2
2(x-—cj , C+dsxsd
d.—c 2
0, x=>d

The membership function is evaluated at the points determined by the vector x. The

parameters a and d locate the "feet" of the curve, while b and ¢ locate its "shoulders."
6.1.3 Defuzzification

There are many defuzzification techniques, such as the weighted average defuzzification
technique, the maximum defuzzification technique and the centroid defuzzification
technique. The centroid defuzzification technique is the most commonly used and a very
accurate defuzzification method [132], which determines the centre of the area of the
combined membership functions [133-134]. This technique was developed by Sugeno in
1985 and is also known as centre of gravity or centre of area defuzzification. The

centroid defuzzification technique can be expressed as

[ M) x dx
=
j M. (x) dx

(6.2)

output

where 7 is the defuzzified output ranging from 0 to 100, Myupu(x) is the aggregated
membership function and x is the output variable. The only disadvantage of this method

is that it is computationally difficult for complex membership functions.

T - o
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6.1.4 Output Conversion

After the defuzzification process, the output is converted to percentage adhesion by
developing a relationship between fuzzy logic output and percentage adhesion. This
conversion process is not part of the fuzzy inference system. In this thesis two different
designs are used for the detection of contact condition between the wheel and the rail.
For each of the approaches the design of the fuzzy logic is different. The design and the

effectiveness of each of these approaches are covered in the following sections.
6.2 Fuzzy Logic System (Design-I)

The basic idea of this approach is that, if the wheelset operating point is at the saturation
region of the creep curve, the residual information together with the tractive torque can
easily be used to determine the adhesion level. The fuzzy inference system (FIS) that
analyses the residuals and the tractive torque is shown in Figure 6.5. Design details of

each of the divisions are given in the following sections.
6.2.1 Input Membership Functions

Using Table-5.3, residuals are plotted against adhesion level in order to develop the
membership functions. The variation of residuals with respect to adhesion is shown in
Figure 6.7. The total span of each residual is divided into three categories: ‘Low’,
‘Moderate’ and ‘High’. There is the possibility to divide the total span into fewer or
more categories, Membership functions with four categories were also used but after
simulating the system several times at various different creep curves, three categories

seem to be the best option.

F-l
—— MFI
F-2 5
—> MF2 s ]
F-3 Adhesi Fuzzy  |Adhesion (%)
LM > | Rules [Ty AU Imr Y opto% [~
evel : U
F-4 z Adhesion
—» MF4 ﬁ
Tractive é
Torque "MK 5
Input g . ) .
' Fuzzification. | | Processing Defuzzification; |  Conversion

Figure-6.5. Proposed Fuzzy Logic System (Design-I)
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Figure-.6.7 Membership function for the residual of filter-1

From the residual of filter-1 in Figure-6.6, it is clear that when the adhesion level is
20% or more, the residual of filter-1 falls in the category of ‘Low’. When the adhesion
level is between 10% and 20%, it falls in the category of ‘Moderate’ and when the
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6.2.4 Output conversion

The defuzzified output indicates the adhesion level by producing a numeric value (such

as n;) at the output. In order to develop a relationship between the defuzzified output (#;)

—
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Figure-6.16. Fuzzy Logic output on creep curve C,
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Figure-6.18. Fuzzy Logic output on creep curve Cy
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Figure 6.16 shows the output of the fuzzy inference system when the system is

operated on creep curve Ca. The fuzzy logic output is converted to adhesion information
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using Equation (6.3). The system takes approximately two seconds to react and produce
correct output. The delay in this case is the result of the time needed in the simulation to
reach a steady condition for the tractive torque (Figure 6.17) and the time (1sec) is
required to calculate the moving window rms of residuals. After 2 seconds, the output of
the fuzzy logic system is steady and the estimated adhesion level is almost equal to the
actual adhesion level. Figure 6.18 shows the result obtained by simulating the Simulink
model using creep curve Cp. Again the steady output is produced after a delay of
approximately 2 seconds. It is worth noting that almost half of the delay is due to the

simulation conditions, which would not be present in practice.
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Figure-6.20. Fuzzy Logic output on creep curve C;

Figure 6.19 shows the output of the fuzzy inference system when it is operated on
the creep curve Cc. After a similar delay, the estimated adhesion level is approximately
equal to the actual adhesion level. The difference in the actual output and the estimated
output is caused by several reasons that include inaccuracy in fuzzy interpretation and

the error due to the curve-fitting formula.

—
Chapter-6. Fuzzy Logic Identification of Contact Conditions Page 9]




Tractive Torque
4000 ¢ 4 T

3500 — - : e e . S — |

3000 - -,

2500~- —f~ - -

t

{
|
1
|
|
|
|
|

2000
4 sec

2 g

1500
0

Figure-6.21. Tractive torque to drive wheelset on C;

Figure 6.20 shows the simulation results when the system is operated on creep curve
C;. The estimated output is again equal to the actual adhesion level but this time a delay
of 5 seconds is observed. This is because it is a low adhesion condition with adhesion
level 5%, so the tractive torque adjustment in the simulations has to be relatively slow to
prevent the operating point from jumping to the unstable region of the curve. The tractive
torque is shown in Figure 6.21. Figure 6.22 shows the output when the system is
operated on the creep curve C;. Even though this creep curve was not used in the Kalman
filter design or the fuzzy inference system design, the estimated adhesion level is nearly
equal to the actual adhesion level. In Figure 6.22 at the 13t second, the adhesion level is
momentarily increased; this is because of the overshoot in the tractive torque shown in
Figure 6.23. If the tractive torque is controlled smoothly the output of the fuzzy logic
system would be more accurate, because a smooth control of the tractive torques allows
the residuals of the filters to settle down. In the case of tractive torque with ripples the

operating point fluctuates, which eventually results in a false output, as in Figure 6.22.

—
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Figure-6.22 Fuzzy Logic output on creep curve Cy
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6.3 Fuzzy Logic System (Design-1I)

- e
Chapter-6. Fuzzy Logic Identification of Contact Conditions Page 93




This approach attempts to identify the adhesion leve] as well as the operating point of the

wheelset. Therefore the structure of the fuzzy inference system is more complex, as

shown in Figure 6.24. The whole fuzzy logic system consists of two fuzzy inference

systems, one to detect the adhesion level (FIS-1) and the other to detect the operating

point (FIS-2). The same inputs are applied to each system, which is assessed according

to assigned membership functions. Different sets of rules are used to identify the

operating point of the wheelset and the overall adhesion level. After the final fuzzy logic

output is produced it is converted to percentage adhesion level and operating point
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6.3.5 Simulation Results

Simulations are carried out using the different creep curves shown in Figure 6.15 and the

results of the simulation are given below.
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Figure 6.49 shows the result of the simulation when the wheelset is operated on

creep curve Cy4. The estimated output is nearly equal to the actual adhesion level. A small

amount of tractive effort is applied, so the wheelset operating point is in the linear

region. When the tractive torque is increased, the operating point moves up on the creep

curve toward the non-linear region, as shown in Figure 6.50. When the tractive torque is

further increased the operating point of the wheelset moves towards the slip region, as

indicated by the fuzzy logic output in Figures 6.51 and 6.52.
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Figure-6.52. Simulation Result when the wheelset is operated on C4
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Figure 6.53 shows the output of the fuzzy logic system when the wheelset is

operated on creep curve Cy. In the next simulation result, the wheelset is operated on

creep curve Ck. The simulation condition is controlled (by controlling the tractive effort)

to keep the operating point in the linear region. Small variations in the tractive torque

cause the operating point to fluctuate. The result of the simulation is shown in Figure

6.54.
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Figure-6.54. Simulation Result when the wheelset is operated on C
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Figure-6.56. Simulation Result when the wheelset is operated on C,

Figure 6.54 is the result of the simulation of the system using creep curve Cy. Since
the adhesion level is exceptionally low in this case, it is very difficult to hold the
operating point of the wheelset at the desired location. The same problem is observed
when the wheelset is operated using the creep curve representing 5% adhesion level (Cy),

as shown in Figure 6.55. However, the estimated value is not affected by these

E
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fluctuations, because the consequent variations in the residuals are not sufficient to
change the fuzzy logic output. When the tractive torque is further increased, the

wheelset operating point moves to the non-linear region and fluctuates around P, as

shown in Figure 6.56.
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Figure-6.58. Simulation Result when the wheelset is operated on Cg
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Figure 6.57 shows the result when the wheelset is operated on creep curve Cc. The
operating point of the wheelset is changed twice during the simulation. At the start of the
simulation, the wheelset is operated in the linear region and after 4 seconds the tractive
torque is increased, which causes the wheelset operating point to move towards the non-
linear region. After 8 seconds, tractive torque is again increased causing the wheelset
operating point to move further up towards the saturation region. In Figure 6.58 the
wheelset is operated very near to the saturation region of the creep curve Cg. The tractive
torque is gradually increased until the wheelset operating point reaches the saturation
region. Simulations are also carried out using changing adhesion conditions and the

results are presented in the following Figures.
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Figure-6.59. Simulation Result when the adhesion level is changed from C 4 to Cg

Figure 6.59 shows the result when the adhesion level was changed after 6 seconds of
the simulation. At the start of the simulation, the wheelset is operated on creep curve Cj.
A small amount of tractive torque is applied to keep the wheelset operating in the linear
region. After six seconds, the contact condition is dropped to 30% and the operating
point of the wheelset moves a little bit up with the application of the tractive torque.
Similarly in Figure 6.60, the wheelset is simulated using low adhesion condition (Cp)
and after 6 seconds the adhesion level is changed to 40%. The tractive effort is kept very

low throughout the simulation to ensure that the wheelset operates at the bottom of the

creep curve.
e —————
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Figure-6.60. Simulation Result when the adhesion level is changed from Cy to C,
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Figure-6.61. Simulation Result when the adhesion level is changed from C; to Cc
In Figure 6.61 in the beginning of the simulation the wheelset is operated in

exceptionally low adhesion conditions (u=5%), whereby even a small amount of tractive

effort causes the operating point to move towards the non-linear region. However, when
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the adhesion level is changed after six seconds to 30%, the operating point moves back

to the linear region and moves up with further application of tractive torque.

F
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1. CONCLUSIONS AND FUTURE WORK

7.1 Summary

This thesis highlights the challenges faced by the railway industry to improve the
adhesion conditions in severe weather conditions. The various different measures taken
by the railway organizations (e.g., rail head treatment, sanding, WSPs, etc.) to improve
the performance of railway vehicles in low adhesion conditions are discussed in detail.
Because of the limitations of the measures taken, a unique idea to detect the wheel-rail
adhesion has been proposed with the primary aim of developing a vehicle based

technique for the real-time estimation of wheel-rail contact conditions.

This thesis covers the nonlinear contact mechanics and modelling of a single solid
axle railway wheelset. An attempt is made to understand the complex wheel-rail
mechanics in different contact conditions in order to develop a better understanding of
the problem of low adhesion. The results of the eigenvalue analysis are presented, which
actually provide a basis to develop an adhesion detection system using the dynamic
response of the wheelset. It then covers the design details of the Kalman-Bucy filtering
estimation technique. The multiple model based scheme to estimate the wheelset
dynamics in different operating conditions is presented, with preliminary simulation
results shown. Finally, it discusses the development of a fuzzy logic based decision-
making system to interpret these changes in dynamic response of the wheelset into the

contact conditions information.

Two different designs based on the same principle are proposed. Design I detects the
adhesion level by focusing only on the saturation condition of the creep curves.
Conversely, Design II detects the contact conditions by focusing on the entire creep
curve, making the structure of this second design comparatively more complex than
Design I. As a trade-off, however, the output not only indicates the available adhesion

level but it also indicates how far the wheelset is operating from the saturation region.

7.2 Conclusions

In introduction I expressed that the primary aim of this work as providing a solution for
the low adhesion problem. Here, I will conclude by describing the progress made

towards this goal. Following main conclusions can be drawn from the research:
=
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e Available measures, like sanding, water jetting, WSPs, etc., have resolved the
problems caused by low adhesion to some extent. But these measures are not

sufficient to eliminate the problem of low adhesion.

e The contact forces generated at the wheel-rail contact patch govern the dynamic
behaviour of the railway wheelset. These forces vary nonlinearly with creep, and

they are influenced by the unpredictable changes in the adhesion conditions.

e A single Kalman filter is not sufficient to detect the condition changes at the

wheel-rail contact.

e The eigenvalue analysis and state estimation results presented in Chapter 4
proved that only yaw and lateral motions of the wheelset are sufficient to detect

the changes in the adhesion conditions.

e Although the variations in the residuals of the Kalman filters are not linear, they

are predictable and provide great consistency with proposed solution.

e The residuals of the filters provide a unique combination in different contact
conditions. Therefore, they can be used as a good first indication to determine the

adhesion level.

e The detection system initially designed for a limited number of contact conditions
(creep curves) can be extended further for all possible contact conditions using

interpolated values of residuals.

e The results in Chapter 6 proved that the detection system works well for all

contact conditions.

e The reward for the success of this system has the potential to provide great
changes for the rail industry. The information obtained from these systems can be
used not only by the drivers to determine the maximum acceleration or braking
forces they can apply, but also by rail network operators to optimise the train

schedules and make the time tabling adaptive to track conditions in real time.

—————————— e ———————
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e The result is that the phenomenon of wheel slip/slide and associated damage and
repair costs will be a thing of past. It also saves time because trains can be driven
more efficiently in the speeds with the maximum use of adhesion available rather

than using the current guidelines.

e The adhesion detection system not only is helpful for conventional railway
transport but it also provides a great opportunity for modern driverless trains
equipped with ATOs (automated train operations), with the aim of reducing the

operational costs and improving the frequency of service.

7.3. Future Work

The problem of low adhesion and its adverse effect on train control systems and rail
network operations presents a significant technological challenge to the railway industry;
however, this problem provides a great opportunity for the academic community. It is
clear that alternative methods are possible and can be achieved through research and
innovation. The adhesion detection method presented in this thesis presents a scientific
foundation for a new way forward. A number of problems must be solved to allow for
the development of a truly practicable inference system. These problems suggest a

variety of research directions that need to be pursued to make such a system feasible.

e One such direction would be to improve the simulation conditions (e.g., tractive
torque control strategy to reduce the time delays at the output) as close to

practical conditions as possible.

e This thesis assumes that the conicity of the wheelset varies linearly. However, in
practice it is nonlinear. This provides an opportunity to carry out the research by

considering the nonlinear wheel profile.

e The research is carried out assuming the vehicle is moving on a straight track,

which can further be extended for the curved tracks as well.

e This study is carried out using the dynamic model of a single solid axle wheelset.

Now that the potential of this research is assessed using a single wheelset model,

e
o e
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the research idea can be further extended by taking into account a full vehicle
model. Although from various research publications it can be concluded that the
model used in this thesis is sufficient to detect the changes at wheel-rail
interaction. But in order to simulate the behaviour of an actual vehicle as close as
possible effect of the variations in the track gauge on yaw and lateral dynamics

can also be considered.

¢ In this research, three sensors (to measure tractive torque, lateral acceleration of
the wheelset, yaw rate of the wheelset) are used. In order to make the
implementation cost effective, further work can be carried out to perform the task

using fewer sensors.

e Finally, real track testing and experimental validation of the system will be

needed before it can be put into practice.

—————————— e —————————
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APPENDIX-T: LiST OF SYMBOLS

(D, wosreseesesesesess oot ettt St et et Left Wheel Angular speed
(D, +evserersnseseese s st e e e e e e Right wheel angular speed
V) et 5885555581555 AR5 e e et Vehicle speed
S Mass of vehicle
S Mass of wheelset
IR oottt s s s s e Moment of inertia of right wheel
U Moment of inertia of left wheel
S, Moment of inertia of wheelset
U, wveesemenseseseses o eSS Yaw movement of wheelset
Y/ . wooessmsssessssssssss s s s s s e st e oo e Yaw rate of the wheelset
Y., oo sssssss s s s e st st Yaw acceleration of the wheelset
)\ oo R BB e lateral displacement of the wheelset
) ettt eSS AR R RSB 51 5 Lateral velocity of the wheelset
2 lateral acceleration of the wheelset
L e e e Left wheel creep
S Right wheel creep
T — Left wheel creep in longitudinal direction
O — Right wheel creep in longitudinal direction
T ——————— Left wheel creep in lateral direction

S —————— Right wheel creep in lateral direction
S ——————— Left wheel creep force
T ————————— Right wheel creep force
O ———— Left wheel creep force in longitudinal direction
P ———— Right wheel creep force in longitudinal direction
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sttt Left wheel creep force in Lateral direction

S, Right wheel creep force in Lateral direction
¥ e e85 18 SRR e Wheel conicity

O, Track half gauge
P et o518 Left wheel radius
PR eemeeer s e85 8255525881555 51581 Right wheel radius
) eSS SRR s8Rt R Wheel radius at centre position

O linearized longitudinal creep force coefficient
1y et st eSS RS Linearized lateral creep force coefficient
) st R85 1258528851551t Track disturbance
U Torsional torque
Tractive torque
Left wheel tractive torgue
S Right wheel tractive torque
J1 | s Longitudinal creep force coefficient
Sy o e Rt e Lateral creep force coefficient
et frequency of kinematic oscillations
7 Adhesion coefficient
S Right wheel Adhesion coefficient
S ——— Left wheel Adhesion coefficient
7 Maximum value of Adhesion coefficient
O ——— |ongitudinal displacement of the wheelset
2 — longitudinal velocity of the wheelset
R — |longitudinal acceleration of the wheelset
R —— Gravitational acceleration
T Yaw stiffness of the wheelset
b o —————————— Torsional stiffness of the wheelset axle
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By v e Roll angle of the wheelset

S, torsional angle between left and right wheels
C, oot 18 Damping coefficient of axle
Centrifugal force
S Gravitation stiffness force
USSR Curve radius
V) s ottt RS e Equivalent linear speed of the wheel
V) ettt R e Equivalent linear speed of the left wheel
Vg oo s eSS Equivalent linear speed of the right wheel

e
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Modelling and Estimation of Non-linear Wheel-Rail Contact Mechanics
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Abstract: This paper presents the development of a model-based approach for the estimation of the
complex wheel-rail contact mechanics. A comprehensive non-linear model of a conventional
solid-axle wheelset is used as the basis for the study. All main wheelset motions affected by the
contact forces are considered including the rotation, forward, lateral, yaw and torsional modes.
The non-linearity and changes in the interaction with the rail are modelled by using a set of non-
linear creep/slip curves. A multi Kalman filter scheme is proposed, where the estimators are
designed using models linearised at selected operating points/conditions and are then run in
parallel. The residuals of the estimator outputs are examined to assess the likelihood or closeness
of each of the filters to the ‘real’ contact conditions. This paper mainly covers: (1) the modelling
of wheelset dynamics and non-linear contact laws and that of condition changes at the wheel-rail
interface; (2) the design detail for the development of the Kalman filters; and (3) simulation
results to demonstrate potential effectiveness of the proposed scheme.

Keywords: Wheelset dynamics, creep forces, nonlinear, Kalman filter, multiple model

1. INTRODUCTION

Wheel-rail contact is fundamental to railway operations,
but the dynamic properties at the wheel-rail interface are
known to be highly non-linear and can be severely
affected by often unpredictable external sources of
contamination at the contact surfaces which can seriously
compromise the provision of basic functions of rail
vehicles and even safety. Reliable identification of wheel-
rail contact force properties and adhesion limit for
traction/braking  controls without the need for
sophisticated and expensive equipment, to enable the
related control systems to adapt to different conditions
and optimize the use of adhesion available, has been a
difficult technical challenge for rail research.

Studies of dynamic behaviour of railway wheelset
affected by nonlinear wheel rail contact mechanics is
presented in [1-3]. The rotational and longitudinal
dynamics of a wheelset were considered and the influence
of the contact condition on relevant modes is assessed
thoroughly. In the work a single Kalman filter was used to
estimate the changes in contact condition based on
torsional vibrations. Another work has been carried out by
G Charles and R Goodall to estimate the low adhesion
between wheel and rail using the responses of the vehicle
to lateral track irregularities [4]. They further carried out
this research to estimate the wheel rail profile and
adhesion between wheel and rail in [5], using a half
vehicle model including the wheelset and secondary
suspension for the parameter estimations.

In this research all main motions affected by the contact
forces are considered because there are strong interactions
between different motions of a wheelset through the creep
forces at wheel-rail contact acting in longitudinal and
lateral directions. It is therefore essential in the study of

wheelset

dynamics to use a more comprehensive model that
includes all motions of the wheelset related to the contact
forces[1]. Multiple Kalman filters are used to estimate the
states at different points of creep curve. The proposed
scheme offers a number of benefits that are not possible
with the current direct measurement based
detection/prediction techniques. In particular it would
help to improve the safety, reliability and availability for
train operations of a railway network. The direct and
accurate knowledge of the wheel-rail contact conditions
would not only provide a better control in traction/braking
but also offer the opportunity for train scheduling and
optimisation to be made adaptive to track conditions.

2. WHEELSET MODELLING

The dynamic response of the wheelset is affected by creep
forces generated at the wheel-rail contact patch. These
contact forces acting in longitudinal and lateral directions
have a nonlinear relationship with creep. Creep is the
relative speed of the wheels to rail and characterized as
lateral and longitudinal creep in accordance with the
direction of motion. Total creep at any point on the creep
curve is[6]:

A=A+ 2 (1)

And respective creep forces for left and right wheels are
represented as[6]:

/’LU
F. =F.-L,

Y / /1

J
Figure 1 shows the variation of adhesion coefficient with
creep for different track conditions. Each curve can be
divided into three parts. The first part is approximately
linear, the second part is nonlinear and it is known as the
high creep section and the third part with negative slope is

the unstable portion of the curve[1].

i=x,y, j=L,R (2)

_—___——_______—_—-—————'——_—'_“
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The equations of motion for railway wheelset at any point
on the creep curve are represented as[7]:

M3=Fy+F, ®
M5 =—Fy—F, +F, @
Iy =Fal, ~F,L ~kuy 5)
T, =k, [ (@, — 0, )dt +C (05 ~ ;) ©)
Lo, =T ~T, 7)
Loy =T,-T.-T, )

where F; in equation (4) represents the centrifugal force
component and can be neglected when the vehicle is not
running on curves and the material damping C; of shaft in
equation (6) is usually very small and therefore also
neglected in the further study.

In equation (10), the creep forces have nonlinear
relationships with the creep. In order to estimate the state
variables using linear estimation techniques creep forces
are linearized by taking several points along the curve.

2.1. Linearization of Wheelset Model

First order approximations of lateral and longitudin.al
creep forces around a point (4, u,) are shown in
equations (11) and (12).

oF
y 9
F)g = F-"CIU +5/1_ ("xjo» j'yjn) X Aix] + al . (Aym’qyjn) X All,w (1 1)
X
oF 6F”
Fy=Fy,+ a_;]‘ o) * Ay + = 1) XAk, (12)
/] £

Choosing state variables as

x=[o, o, 0, x y v y ¥l

oo -2 090 0 0o
R k]R

o 10 0 = 00 0 00
6 Ly

“Ilt =1 0 00 0 00
*I=zflo 0 0 00 0 0 0
Y1'looo 0o 00 0 10
Yiloo 0o 00 o o1
Y110 0o 0 00 0 00
—W-ooooo-’;—woo

95 = I(a)R _a)L)dt

A full model is given in equation 10.
A

where

Wet Rail

Oiled Rail

Adhesion Coefficient

Creep

Figure 1: Creep vs adhesion coefficient

oo 0 0
- 17 ]R
(0] _ .
o, 0 -2 0 0
2| | o 1) ]
es 0 (1) (1) O O F;R
: — — 0 0 | F
X + O T; + Mv Mv xL
Y1 1o o 0 0 0 | Fu
vt O 0 0 0 L]
}.) 0 0 0 _L _._1.
v ]|, m,  m, (10)
. Le L 0
I, I, )
or B
AF)g- =g“Aﬁxj +g12A/1” (13)
AF, =g,AA; + gy A4, (14)

where g,,, 22, €2, and g, are creep force coefficients and
depend upon the operating point on the creep curve.

After substituting equations (13) and (14) in equation (10)
a small signal representation of the complete wheelset
model is obtained as given in equation (15).

Since the vehicle inertia is much larger than that of the
wheels, the vehicle speed may be considered constant[7].
Then it is clear from equation (15) that the dynamic
response of the wheelset only depends upon the operating
condition determined by creep force coefficients.

Table-1 shows the eigenvalues analyses of the linearised
wheelset model as the operating point is moved up on the
creep curve of figure 3. In the low creep region, the slope
of the curve is high which results in sufficiently high
damping of torsional and kinematic modes. As the point
is moved towards high creep region damping of kinematic

—
e ——————————— =
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and torsional mode is decreased and finally become
unstable when the slope of creep curve is negative. At this
point, the wheelset would produce kinematic oscillations
until they are limited by the flanges, torsional vibrations
may be observed and wheelset rotational speed will also

be increased because of the slip.

3. MULTIPLE MODEL BASED ESTIMATION

The small signal model is only valid at the particular
point on the creep curve where linearization is carried out.
To provide more precise estimation across entire
operating conditions, the use of a bank of filters linearized
at different points may be more useful[1].

Figure-2 shows the structure of the proposed multiple
model based estimator. The system is excited by
irregularities in the track and the yaw rate is the only
measurement used in the estimation.

_ﬁ 0 _£ 0 B r81, _ L&n roLgfll 8 -
_ . vl Iy I I, v, v, | | — _Bu
bo, 0 _ﬁ L 0o -Bu L& _L& _ r,L,8, || Aoy Iy Iy
Ad, v, 1, 5,1, v, o, |te| |0 ZBu
8| | IO . 0 e |y L
. 0b11 0011 12 12 .
Ml My M 000 0 My L || lelo o {AT'] (15)
Ay 0 0 0 0 0 0 1 0 Yyl lg o |
Ay 0 0 0 0 0 I N N B
Ay _LE&  _ L8 0 0 0 285 _2@ 0 Ay 0 0
Ay | vm, vm, m,  vm, Ay | 2L 18,
rongll _ rongll 0 2Lg7g11 X, 0 _ 2Lig11 0 rl,
i, vl, rl, 1 vl, | - i

Point on Creep Wheelset Dynamics (Speed=20m/s K= 6063260 N/m K,=2.5 x10° N/rad)
Curve Torsional Mode Kinematic Mode High Frequency Mode Common Rotation Mode
Gor Ho) Frequency | Damping | Frequency | Damping | Frequency | Damping | Frequency | Damping
(Hz) (%) (Hz) (%) (Hz) (%) (Hz) (%)
(0.00075, 43.61 100 0 0
0.025) 4091 31.6 2.05 66.5 31.67 100 72.74 100
116.5 100 0 0
(0.003, 0.15) 36.29 14.5 1.98 28.5 5539 100 213.3 100
122.25 100 0 0
(0.0045, 0.3) 36.13 13.0 1.98 25.8 70.99 100 237.18 100
2.34 -100 0 0
(0.0337,0.39) | 60 -0.8 261 100 9.51 -2.75 3.94 -100

Table 1: Eigenvalue analysis of linearized wheelset model

A Kalman filter is used for estimation here because it is a
well understood technique that has been applied to a wide
variety of parameter estimation applications[5]. The

equations of Kalman filter can be found in [8] an are

given by

K=P, C"(CP,C"+R)" (16)
X, =%, +K(z-CX) (17)
P, = AP,A" +R-AP,C'R'CPRA" (13)

In equation (16) K is the Kalman gain used to weight the
measurement innovation in equation (17). Equation (18)
is used to update the estimated state vector. This set of
mathematical  equations  provides an  efficient
computational (recursive) means to estimate the state of a
process in a way that minimizes the means to the squared
error[8].

Numbers of localized Kalman filters can be used here to
estimate the parameters in all possible operating
conditions. In this preliminary study, only two Kalman
filters are used.
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Figure 6: Estimated state and actual state

A Switching Block compares the residuals of both
estimators and selects the estimated states which are close
to actual states. The result is shown in the figure 7.
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Figure 7: Output of switching block

In this way an accurate estimation of states can be
obtained along the entire creep curve by adding more
filters designed to operate on different points on the creep
curve. Error produced by the switching block is
comparatively very small and estimated states can be
trusted for further operation.

4. CONCLUSION

The dynamic behaviour of a railway wheelset at different
wheel rail contact conditions is an important factor in the
performance of a railway vehicle. Reliable knowledge of
available contact condition enables the related control
system to optimize the use of adhesion available. In this
research a multiple model based approach is used to
estimate the states in different contact condition. A
comprehensive wheelset model is taken under study
which includes all main motions of the wheelset. A bank

of locally linearized Kalman filters is proposed to
estimate the states in all possible contact conditions. The
potential usefulness of the research is demonstrated by
taking a simple model with two filters and corresponding
results are presented. Further research is ongoing to
develop a sophisticated control scheme to optimize the
use of the available adhesion level at the wheel rail
contact in order to improve the traction braking and ride
comfort of the railway vehicle.
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Appendix A: List of symbols

@.-@r Left and right wheel angular velocities
v Forward Speed of Vehicle
M., m, Mass of vehicle and mass of wheelset

Tz> /. Moment of inertia of right wheel, left wheel
7, Yaw moment of inertia

4 Yaw Movement

Y Lateral Motion

A2 4% Left and right wheel Creepages

As A Left and right wheel creepage in longitudinal direction

4> Asr Left and right wheel creepage in lateral direction
b Conicity of wheel
L, Half Gauge

r.>7»  Left and right wheel radius

7, Radius of each wheel when wheelset is centred
J11» /22 Longitudinal and lateral Creep force coefficients
Vi Lateral Disturbance Caused by Track irregularities

T.. T, Torsional Torque, Traction Torque
T,. Tz Tractive torque Left wheel and Right Wheel
respectively

%
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Abstract

Novel detection techniques of wheel-rail contact condition
that exploit the dynamic properties of the conventional
solid axle wheelset in response to changes at the wheel-
rail interface, are studied in this paper. The main aim is to
develop an ability to identify/predict adhesion limit to
overcome the problem of wheel slip/slide in poor contact
conditions where the adhesion is low. Two possible
solutions are introduced. One of the proposed methods
detects the wheel slip indirectly from the wheelset
dynamic changes caused by the wheelsets operating in the
unstable region of the non-linear contact characteristics as
a consequence of wheel slip. The second method estimates
the contact force saturation and identifies the maximum
adhesion using a model based technique that involves the
use of multiple Kalman filters.

1 Introduction

Adhesion at the wheel-rail interface is essential to the
delivery of tractive effort from traction and braking
systems in railway vehicles. Adhesion forces have
nonlinear features in relation to the relative motion of the
two surfaces at the wheel-rail contact point(s) and are
strongly affected by contact conditions. Wheel slip/slide
occurs when applied tractive effort exceeds the maximum
adhesion available which can potentially increase severe
wear of wheel and rail surfaces, increase mechanical stress
in the system and affect stability. Therefore re-adhesion
schemes are required to reduce the risk of slip.

The most commonly used wheel slip protection schemes
are achieved by measuring and controlling the slip ratio
(relative speed between a wheel and the train), and in
more extremely cases to control the wheel rotational
acceleration below a pre-defined threshold [1-4]. Also,
hybrid anti-slip methods with the use of slip, wheel speed
and acceleration information are proposed [4, 5]. Those
controllers are difficult to obtain optimal performance and
also require accurate measurement of slip wheel.
Disturbance observers are proposed to detect slip
conditions [6, 7], where traction torque is treated as a
disturbance input and estimated either throug_h state
observers using motor speed and torque information. The
performances of the anti-slip schemes based on a

disturbance observer are to a large extent affected by
noises in the system which can be very substantial in the
wheel-rail contact environment.

This paper presents two novel schemes to tackle the
problem of wheel slip/slide in poor contact conditions
which are fundamentally different from the existing
methods. Section 2 presents a scheme that exploits the
effect of wheel slip on the wheelset dynamic behaviour
and focuses on the axle vibrations caused by the negative
damping of the non-linear contact characteristics. In
section 3, the second scheme uses a set of Kalman filters
that are optimised for different operating conditions of the
wheel-rail contact and then use a ‘best match’ strategy to
estimate the adhesion conditions.

2  Wheel Slip Detection via Axle Vibration

The contact forces at the wheel-rail interface are widely
recognised to present non-linear characteristics as a
function of creep/slip as shown in Figure 1. In normal
running conditions where the creep is small, the contact
forces provide a damping effort to the dynamic modes of a
wheelset and are very useful in stabilising those modes
which would otherwise be almost critically damped (e.g.
with material damping only). There is a problem of
kinematic instability due to the creep forces (or wheelset
hunting), but it is a separate issue and overcome mainly by
the use of primary suspensions.
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As the creep increases, the contact forces can operate in
the second (or non-linear) region where the rate of change
of the creep forces and associated damping effect is much
lower. However, when the creep is beyond the point of
maximum adhesion (u,) available at the wheel-rail
interface and enters the slip or unstable region, the contact
forces will then become a destabilising element, which not
only cause the well known problem of wheel slip (in
traction) or slide (in braking) but also can cause other
undesirable mechanical oscillations in the wheelset. Most
noticeably, it can cause severe torsional vibrations in the
wheelset axle which is considered in railway industry as a
highly undesirable problem because they may lead to
component failure or rail corrugation [8].

The problem of the torsional vibrations may be overcome
in the vehicle design by for example introducing
additional damping components. However, the link
between the level of damping (or stability) for the
torsional mode of a wheelset and the wheel-rail contact
conditions provides an excellent indication for wheel slip
and therefore is exploited in this study for the
development of an anti-slip control scheme. As long as the
wheel slip/slide can be effectively controlled, no lasting
oscillations and associated damages to the contact surfaces
are expected in the wheelset.
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The proposed anti-slip (or re-adhesion) control scheme is
presented in the dashed block in Figure 2, but a standard
AC traction motor and a vector control for the provision
of a precise tractive effort are considered in the study as
indicated in the diagram. Although the torsional dynamics
provide an excellent possibility for wheel slip detection,
the direct implementation of the idea will be problematic
in practice as it requires a measurement of the torsional
torque. Strain gauges (or other torque sensors) would have
to be mounted on the (rotating) axie which would present
very difficult challenges in terms of the sensor reliability
and transmission of the measured signals because of the
harsh working environment. Therefore, it is essential that
the practicality of sensing is properly tackled. A number
of estimation techniques are possible, but a Kalman filter
is chosen in this study to provide an estimation of the
torsional oscillations from the speed of the traction motor
in the system [9]. The speed measurement in railway
traction is always available and is normally achieved
through the use of inductive sensors to detect the time
shifts between the teeth of the traction transmission gears
or to count the number of teeth. The estimated output of
the Kalman filters is then further processed to extract the
magnitude of the torsional vibration signal at the
frequency corresponding to the axle torsional mode using
conventional filtering methods. A band pass filter is used
and tuned to coincide with that of the torsional mode of a
particular wheelset which is normally known. The output
of the filter is then processed in a rectifier to detect the
magnitude before a low pass filter that removes any noises
and other disturbances in the system.

The computer simulation results in Figures 3 - 5 show the
potential performance of the proposed anti-slip control in
two different working conditions [9]. In Figure 3, the
vehicle accelerates from an initial speed of 10 km/h on a
track with a high adhesion coefficient of 0.4 which is then
dropped to 0.05 at t=4s. The change of contact condition
causes severe wheel slip where the rotational speed of the
wheels becomes substantially greater than the equivalent
of the vehicle speed. The wheel slip in turn causes the
torsional vibrations in the axle, the magnitude of which at
the torsional frequency is detected from estimations using
the Kalman filter as shown in Figure 4. The magnitude of
the vibration is then detected in a small fraction of a
second and used to reduce the demand in tractive effort.
Then the torque output from the traction motor is reduced
accordingly after the torque reduction controller is enabled
and the wheel speeds are ‘pulled’ back to the vehicle’s
speed in around 1s to restore the adhesion.

In Figure 5, the vehicle simulated operates at an initial
speed of 100km/h on a track where the adhesion is
reduced at the time t=4s from a dry condition (z=0.4) to a
low adhesion at 4=0.05. At the higher speed of 100km/h
under the sudden change of adhesion, the detection of the
wheels slip (in about 0.7s) appears to be slower because of
the less rapid increase in the relative wheel speed, i.e. the
wheel slip is less severe. The entire time for slip detection
and re-adhesion is around 3s.
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3 Contact Condition Estimation with Multiple
Kalman Filters

All present anti-slip protection/control  schemes are
focussed on the detection of wheel slip/slide and can only
take measures to reduce/overcome the problem only'after
a wheel slip is identified to have occurred. There is no

provision of preventative measures that could
fundamentally stop wheel spinning (or locking in braking)
by e.g. limiting tractive effort below the adhesion level on
the track which would require reliable and real time
information of the contact conditions to become available.
The second part of this study is one of the first attempts to
develop a practical method for real time estimation of the
contact condition/adhesion on a track a vehicle is
travelling. A previous study has tried to estimate the creep
coefficient at the wheel-rail contact and use this as an
indirect indicator of the adhesion [10].

KF! f—0»p
=
Q
Sensor g Adhesion/
input KF2 —— § contact
4 condition
Estimation -§ data
output =
(residuals) E
—
KFn |__

Figure 6. Contact condition monitoring scheme

The contact mechanics are highly non-linear in nature and
are subject to large variations due to condition changes at
the wheel-rail interface. The use of a single estimator,
which is in general designed based on a linear (or
linearised) model will be very difficult to cover all
different operation conditions and account for the
uncertainties. In this study, a set of Kalman filters are
designed based on models linearised at different operating
points on a creep curve (shown in Figure 1) each of which
is tuned to provide the best estimation under its specific
condition. The overall scheme is illustrated in Figure 6.
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As each of the estimators is tuned to match one particular
condition and will only give the best results at the
linearised point, increased estimation errors are expected
if the contact condition is not at or near the chosen

operating point which will be reflected in the estimation
residuals of the estimator. The output residuals from all
the estimators can then be assessed using a likelihood
approach to determine which of the estimators provide a
best match to the present operating condition and hence an
indication of the status of the wheel-rail contact.
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Kalman filter is wused extensively for state
estimation/prediction in many different applications
because of its simplicity and robustness. The
design/optimisation of Kalman filters is now considfered a
standard procedure and many design tools are available,

e.g. in Matlab toolboxes.
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The potential benefit of this ongoing research is
demonstrated by using two Kalman filters. Estimator-1 is
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optimised in the linear region of the creep curve (P1) and
Estimator-2 is tuned for an operating point in the unstable
region just beyond the point of maximum adhesion (P3).
Figures 7, 8, 9 and 10 show the result of estimation when
the vehicle is set in the computer simulation to operate at
the first operating point. It is clear from the figure
Estimator-1 is producing smaller residuals compared to
Estimator-2, which is especially evident for the yaw rate
of the wheelset.
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4 Concluding Remarks

Conventional anti slip/slide control methods based on the
measurement of the wheel slip/slide and wheel rotational
acceleration are considered effectively and widely used in
industry, but can only act after the undesirable
phenomenon has occurred and require the accurate
measurement of both wheel (rotational) speed and
absolute vehicle speed — the latter can be problematic in
the wheel slip/slide conditions. .

Two new approaches that aim to overcome the main
drawbacks are introduced in this paper. The proposed

methods detect wheel-rail contact conditions and the
adhesion in particular from the wheelset dynamic
behaviour in response to track condition changes and the
potential benefits and performance gains are demonstrated
using computer simulations.
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Abstract: Condition changes at the rail surface due to the fallen tree leaves and/or other
contaminations can cause the low adhesion levels which present a serious challenge for the
traction/braking control systems to avoid the problem of wheel slip/slide. This paper presents a
multiple model based method for the identification of the adhesion limit to overcome the problem
of the wheel slip/slide in poor contact conditions. The proposed scheme is an indirect method that
exploits the dynamic properties of the conventional solid axle wheelset in response to changes in
contact condition at the wheel-rail interface avoiding difficult and expensive measurement
requirements. A nonlinear model of lateral and yaw dynamics of a conventional solid axle
wheelset is used for the study. The non-linearity and changes in the interaction with the rail are
modelled by using a set of non-linear creep/slip curves. The scheme consists of a bank of Kalman
filters based on the linearized wheelset models. Each Kalman filter in the filter bank is optimally
tuned to operate in a specific contact condition. Normalized root mean square values from the
residual of each filter calculated using time moving windows are assessed to identify the operating
condition of the wheelset. This paper mainly covers: (1) the modelling of wheelset dynamics and
non-linear contact laws and that of condition changes at the wheel-rail interface; (2) the design
detail of the Kalman filters; (3) Identification of wheel-rail contact conditions and; (4) simulation
results to demonstrate potential effectiveness of the proposed scheme.

Keywords: Wheel rail contact, Estimation, Kalman filters, Fuzzy logic

speed measurement rather the adhesion coefficient is
estimated by using the information of rotor speed and the
torque current but the performances of the anti-slip
schemes based on a disturbance observer are to a large
extent affected by noises in the system which can be very
substantial in the wheel-rail contact environment. (Mei et
al., 2009) proposes an indirect technique that exploits the
wheelset dynamics to develop wheel slip protection.

1. INTRODUCTION

The traction and braking performance of the railway
vehicle is governed by the contact forces generated at the
wheel rail interface. These contact forces are a non-linear
function of the creepages and vary substantially when the
conditions of the rail surfaces change due to the
contaminations. The overall adhesion can therefore
becomes very low which results in wheel slip/slide. The
wheel Slip/slide is a highly undesirable phenomenon that
causes the mechanical parts to wear down quickly affects
the stability and leads to the inconsistent traction
performance causing problems in train scheduling.

The real time information about the maximum adhesion
available as a train travels through a track would help to
tackle the problem of the wheel slip/slide. The provision
of the tractive effort in either traction or braking could
then be optimised to make the most out of the wheel-rail

In order to avoid the wheel slip/slide various different  contact conditions.

techniques have been used in past. (Watanabe and .. paper is an extension of an ongoing research that

Yamanaka, 1997, Watanabe et al., 1997) presented a
conventional technique of controlling the wheel slip based
on the measurement of the relative speed between the
wheel and the train which was supplemented with the
control of the wheel acceleration. Also hybrid anti-slip
methods which are also based on the relative speed
measurement are proposed (Choi and Hong, 2002, Park et
al., 2001). These controllers require an accurate
measurement of the train and wheel rotational speeds that
makes it difficult to obtain the optimal performance.
Another method based on disturbance observers are
proposed to detect the slip conditions (Kim et .al., Choi
and Hong, 2002). These controllers do not require direct

uses the multiple model based estimation approach for the
identification of the contact conditions (T X Mei, 2010, I
Hussain, 2009, I Hussain, 2010). In a previous study, the
residual of estimated states were examined to determine
the operating condition. In this paper a fuzzy logic based
identification method is developed to determine the
contact condition.

2. WHEELSET MODELLING

A solid axle railway wheelset (figure-1) with both the
wheels fixed with the axle is used for this study. Both the
wheels have profiled tread with the conicity y. This coned

—
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tread provides a natural feedback (due to the difference in
the rolling radius) for the wheelset to adjust itself on the
centre position when it is slightly displaced laterally. The
motions of the wheelset are governed by the nonlinear
creep forces generated at the wheel rail contact patch in
the lateral and longitudinal directions. Creep is said to
exist when the railway wheels deviate from pure rolling
and can be described as the relative motion of wheels to
the rails given in equations (1), (2) & (3). Delivery of
tractive effort in traction and braking is achieved via
longitudinal creep.

Wheel Flange

/’{‘xL =rowL —V _+_[ :‘W 7()" —yt)] (1)

- L y -
AXR:row: v__[ ‘éjw_’_}/(y yl)] (2)
y

ﬂyL =’q’yR =—-Yy (3)

In above equations the subscript L, R are used for left and
right wheels respectively, x and y are used to indicate the
longitudinal and lateral directions, and A,;, Az, 4, and 4,z
are creepages in the longitudinal and lateral directions for
left and right wheels. wz and w; are angular speeds of
right and left wheels respectively, ¥ is yaw angle, y is
lateral motion, L, is the half track gauge, v is forward
speed of the vehicle, y is conicity of wheel and 7, is the
radius of wheel when it is at centre position and y; is
disturbance applied by track in lateral direction. The total
creep at any point on the creep curve is given by
following equations.

/1L =1//7.)2‘L +/1§L (4)

Ap =+ Ap + A (5)

2.1 Simplified model

Only lateral and yaw dynamics are found to be sufficient
to identify the track condition (I Hussain, 2010). The
simplified equations of longitudinal creep for the left and
the right wheel are given below.

Axle >

L y -
/1xL — gl//+7(y y,) (6)
% v,
Lglp yy-y,)
A’xR =- - : (7)
v s

The yaw angle is the result of the difference in the
longitudinal creep forces between the two wheels and the
lateral dynamics are determined by the total creep force of
the two wheels in the lateral direction. The equations for
the lateral and the yaw motions of the railway wheelset
are given in (8) and (9).

mwy. :_fyR —fyL +F;: (8)
le/./.zfoLg —foLg—kwl// (9)

Where m, is the wheelset mass, F, is the centrifugal
component of the force and can be ignored if the wheelset
is not running on the curved track, /,, is the yaw moment
of inertia and £, is the yaw stiffness of a spring used to
stabilise the wheelset. f,;, fr, fu and fiz are the creep
forces of left and right wheels in lateral and longitudinal
directions.
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The creep forces in equation (8) and (9) are widely
recognised to present the non-linear characteristics as a
function of creep as shown in Figure 2. In normal running
conditions where the creep is small, the contact forces
provide a damping effort to the dynamic modes of a
wheelset and are very useful in stabilising those modes.
As the creep increases, due to application of tractive
effort, the contact forces can operate in the second (or
non-linear) region where the rate of change of the creep
forces and associated damping effect is much lower.
However, when the creep is beyond the point of
maximum adhesion (u,) available at the wheel-rail
interface and enters the slip or unstable region, the contact
forces will then become a destabilising element, which
not only cause the well known problem of wheel slip (in
traction) or slide (in braking) but also can cause other
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opportunity to develop a fuzzy logic based identification

Unknown .
Track Disturbance system based on these results as shown in the figure
below.
IP Nonlinear Measurements 0.8 . . . .
Wheelset Model 4 2
S 0.7
-§ .
S 06
L 4| Fiter1 » — g o5
(=)
=
. Normalized Fuzzy Logic E 0.4
Filter-2 ¥ RMSof [™] Based ‘_é 0.3
Residuals Identification S
. 0.2 2 4 6 8
Filter-3 > —> Time (Sec)
Fig.4. Contact Condition Identification Scheme Fig.6. Normalized rms of residuals at P,
The complete proposed scheme is shown in the figure-4. 1 _ _
Only three filters are used here to show the potential of ®
the research. The three chosen operating points are shown E Error -1
in figure-2 as P, (Linear region of the creep Curve), P, _§ 0.8 ¢
(Maximum Point of the creep curve where rate of change c
of creep force is zero) and P; (Unstable Region). Filter-1, %) 0.6 -
filter-2 and filter-3 are designed to operate at these points £
respectively. Number of Kalman filters can be increased 2 g4k E
easily to include all possible contact conditions. The o 7| .. = rror2 ...........................................
normalized values of the residuals of estimated states are ﬁ
then calculated with moving time window of one second. g 0.2
Normalized values of residuals of lateral acceleration are ke Error -3
shown in figures (5), (6) and (7) when the wheelset was Q e pmemrmemamme memimrmemes emtmrmamame LAl A
operated at P;, P, and P; respectively. Error-1, Error-2 2 4 6 8
and Error-3 are the errors produced by Filter-1, Filter-2 Time (Sec)
and Filter-3 respectively. Fig.7. Normalized rms of residuals at P
1 : : . ,
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£ Error -3 rror
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c
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S 04r
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z - r r r
0 2 4 6 8 Fig.8. Fuzzy Logic Based Identification System
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Fig.5. Normalized rms of residuals at P,

The results show when the wheelset is operated around a
point where the any specific filter is optimally tuned to
operate the respective filter has minimt{m error around
that point also the amount of error is increased or
decreased depending upon how far . the wheelset is
operating from that point. This provides an excellent

The normalized values of the residuals are fed to the
fuzzy logic system with specific membership function
which associates a weighting with each of the input that
are processed. The weighting function determines the
amount of participation of each input in the producing the
output. The rules use the input membership values as
weighting factors to determine their influence on the
output. Output is produced in terms of the probability of

—_——_____________—___—————-——%
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Multi Kalman Filtering Approach
for Estimation of Wheel-Rail Contact Conditions

I Hussain* and T. X. Mei**

School of Computing, Science and Engineering,
Salford University, Salford M5 4WT, UK,
* 1. Hussain@pgr.salford.ac.uk** tx.mei@salford ac.uk

Abstract: This paper presents a novel detection technique of wheel-rail contact conditions from the
dynamic properties of the railway wheelset. The proposed scheme is an indirect method which
avoids difficult and expensive measurement requirements. A nonlinear model of lateral and yaw
dynamics of a conventional solid axle wheelset is used for study. The scheme consists of a bank of
Kalman filters based on linearized wheelset models that represent different characteristics of
typical creep/slip curves. Normalized rms values from the residual of each filter calculated using
time moving windows are assessed to identify the operating condition of the wheelset at the
interface with the rail surface. Simulation results are presented to demonstrate the effectiveness of
the proposed scheme.

Keywords: Wheel rail contact, Estimation, Kalman filters

1. INTRODUCTION

The delivery of tractive effort in traction and braking is
achieved through the contact forces at the wheel-rail
interface. The contact forces are a non-linear function of
creepages caused by small relative motions between the
two contact surfaces and this relationship can vary
substantially when conditions of the surfaces change due
to for example existence of fallen tree leaves and/or
contaminations by snow/ice etc. The level of overall
adhesion (the maximum contact force available) can
therefore become very low under the poor contact
conditions which present a serious challenge for the
traction/braking control systems to avoid the problem of
wheel slip/slide. Wheel slip/slide is a highly undesirable
phenomenon in railway operations as it increases the wear
of wheel and rail, adds to mechanical stress in the system,
affects stability and, furthermore, and leads to poor
traction performance.

The commonly used wheel slip protection schemes are
mostly based on the control of the relative speed between
a wheel and the train (also known as slip ratio) which is
supplemented with the control of the wheel rotational
acceleration (Park et al., 2001, Schwartz and Kresse,
1997, Yasuoka et al., 1997, Watanabe and Yamanaka,
1997). Also, hybrid anti-slip methods with the use of slip,
wheel speed and acceleration information are proposed
(Park et al.,, 2001, Kadowaki et al., 2002). Those
controllers are difficult to obtain optimal performance and
also require accurate measurement of slip wheel.
Disturbance observers are proposed to detect slip
conditions (Kim et al., Choi and Hong, 2002), where
traction torque is treated as a disturbance input and
estimated either through state observers using motor
speed and torque information. The performances of the
anti-slip schemes based on a disturbance observer are to a

large extent affected by noises in the system which can be
very substantial in the wheel-rail contact environment.
The destabilising effect of the slip on the wheelset
dynamics has also been exploited to develop wheel slip
protection solutions that do not require the measurement
of the wheel slip (Mei et al., 2009).

However, there is a lack of effective solutions that can
provide real time information about the maximum
adhesion available as a train travels through a track which
would be able to tackle fundamentally the problem of
wheel slip/slip as the provision of tractive effort in either
traction or braking could then be optimised to make the
most out of the wheel-rail contact conditions.

This paper examines the use of a model based estimation
approach for the detection of the contact conditions. A
previous study has tried to estimate the creep coefficient
at the wheel-rail contact and use this as an indirect
indicator of the adhesion(Charles et al., 2008). In this
study, however, the use of a multiple Kalman filters is
studied, which represents different operating conditions of
the wheel-rail contact. A ‘best match’ strategy is then
used to estimate the adhesion available.

2. MODELLING OF CONTACT MECHANICS

Railway wheelset is a complex mechanical system with
several degrees of freedom. The motions of the wheelset
are governed by the creep forces generated at wheel rail
contact patch. The contact forces at the wheel rajl
interface can be split into normal and tangential forces.
The tangential forces at the two wheels of a wheelset can
be represented using (1) and (2)

Fr = g N (1)

Fo =N (2)

<
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wher‘e ur and u; are adhesion coefficients that vary
nonlinearly with the creep and N is the normal force
applied to the wheel. The tangential forces can be further
divided into longitudinal and lateral components, which
are governed by (Polach, 2005):

fo:FL

A 3)

fum =F, Ar (4)
S =F; )% (5)
L

Som =Fny ©)

In above equations the subscript L, R are used for left and
right wheels respectively, x and y are used to indicate the
longitudinal and lateral directions, and A, Ag, AL and
A are creepages in the longitudinal and lateral directions
for left and right wheels given as:

L_ y —

/}LXL:[ gl//_'_}’(y yt)] (7)
v ¥,

ﬂ‘xR ______[Lgu/_'_}/(y '—yz)] (8)
v o

ﬂ“yL =/1yR :Vl.—!// (9)

Where L, is the half track gauge, v is forward speed of the
vehicle, y is conicity of wheel and r, is the radius of wheel
when it is at centre position and y; is disturbance applied
by track in lateral direction. The total creep at any point
on the creep curve is given by following equations.

A=A +A,

Ay =

(10)

Aop + Aop (11)

3. DESIGN OF MUTIPLE KALMAN FILTERS

3.1 Simplified models

Only the lateral and yaw dynamics of a wheelset are
considered in this study as represented in (12) and (13), as
other degrees of freedom are largely decoupled to the plan
view motions and are not indirectly relevant to this study.

(12)
(13)

mw.}-j =—fyR —fyL +F;'
]w l// =foLg _foLg —kwl//

where m, is the wheelset mass, I, is yaw moment of
inertia and k,, is yaw stiffness of a spring used to stabilise
the wheelset.
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Fig.1. Adhesion Coefficient variation
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The variation of adhesion coefficient (u) with respect to
the total creep is illustrated in Fig.1. In most operation
conditions, a wheelset tends to operate in the linear region
of the creep curve. However, the presence of
contaminations on the track may result in a significant
reduction in the maximum adhesion and cause the wheels
to slip when a high level of tractive effort is applied
leading to increased creepages at the wheel-rail interface
and pushing the operating point of the wheelset towards
the nonlinear and even the unstable sections.

3.2 Linearization

Because the contact forces are highly nonlinear in nature,
a single linear model will not be able to represent
adequately the complex dynamics of the system. To
enable the use of linear Kalman filters, the creep force
equations are linearized at a number of selected operating
points on the creep curve, each of the model would only
be valid when the wheelset is operating in the vicinity of a
specific point. The first order approximation of the creep
force around a point (4, #,) is shown in the following
equation(I Hussain, 2009).

%
»fo =foo +Q;

(Ao "?'yRo ) X Al—"R

0 4
U,
+ 6)3: (Aro > Ayro ) X AA}’R (14)

The derivative terms represent the slope on the creep
curve at the point of linearization which is simplified and
represented by g;; and g;,. The equations for the other
contact forces can be similarly linearized which give a
small signal state-space model as shown in (15). It is clear
that the dynamics behaviour of the wheelset is highly
dependent on the different slope of the curve where the
main difference between different operating points on the

e
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creep/slip curve will be the different coefficient values,
and the forward speed (v) of the vehicle.

o 0 0 1 U

by 0 0 0 1|y

A m,  vm, 8| 2L0 Ay,
Ay -E“_}g“_ _h 0 _% Ay LT
TS w | Lk

3.3 Kalman filter design

A Kalman filter based on small signal model of (15) can
be designed to estimate the states of the system at specific
point on the creep curve. But lateral and yaw dynamics of
the railway wheelset are excited by unknown track
disturbance y, which makes design of the Kalman filters
more complex. This problem can be solved by
formulating the unknown parameter into the state
equation as part of the state vector rather than as an input
such that dynamics of the system remain unchanged. The
modified state space model is given in (16), where w
represents the track noises with covariance Q. Two
sensors (A gyro sensor for yaw rate measurement and an
accelerometer for lateral acceleration measurement) as
indicated in (17) (v is a vector representing noise level of
sensors with covariance R) appear to be sufficient for the
Kalman filter to provide satisfying estimation results.

_ - 0 1 0 0
Av Zn 22 0 0
Ay m, vm,,
% Ay = _k_w 0 _2L§g“ _ZLg}'gn
Ay, 3 vl, rl,
oy, | | 00 0 -000l 0
L0 1 0 0 0
VIR
Ay 0
s |+l oy, (16)
Ay, 1
Ay -y, | (-1
Ay
0 0 1 0 0] &
z(t)= 2g22 _2g22 0 0 O Ay +v
m, vm, Ay,
Ay — Ay, |

A Kalman Bucy filter can be formulated as shown in (18).

(17)

ix‘(t):Ax‘(t)+K[z (t)-Cx ()]

(18)
dt
In (18) X represents estimated state vector K is weighting
factor calculated by (19).
K =PC,R™ (19)
Where P is the estimate error covariance that depends

upon the selection of measurement noise covariance R
and process noise covariance Q.

4. STATE ESTIMATION

The estimation results show that the properly tuned
Kalman filter can provide a reliable estimation of the
wheelset states at any specific operating condition. Fig.2
shows the estimated lateral motion with estimation error
less than 7% and estimated yaw angle is shown in fig.3
with estimation error less than 3%. Lateral Motion is
directly affected by track noise therefore its estimation is
greater than that of the yaw angle.

1 v © T
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0.2
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Fig.2. Lateral Motion Estimation
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Fig.3. Yaw Angle Estimation
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If a wheelset is operating in various different contact
conditions, multiple Kalman filters can used to estimate
the wheelset states in different contact conditions — this is
then explored in this study for the estimation of the
contact conditions as discussed in the next section.

5. ESTIMATION OF CONTACT CONDITIONS

Fig.4 shows the principle of the proposed scheme based
on well known filter bank technique used in various
applications (Kobayashi and Simon, 2003, Kobayashi and
Simon, 2005). A bank of Kalman filters that are derived
from different operating points of the creep/slip curve and
therefore can be used to provide the estimation in
different contact conditions as each of the Kalman filter is
tuned to match one specific contact condition. All the
filters are run in parallel and normalized rms values of the
residuals of each filter are calculated using a moving time
window and the output of all the Kalman filters are
compared to determine the operating point (contact
condition) of the wheelset according to the estimation
errors. The number of Kalman filters required depends
upon the extent of the variation of the wheelset dynamics
on the entire creep curve.

Unknown
Track DiIturbance
/P Nonlinear Measuremen
. Wheelset Model §
—p -
[ 3l Filter-1 —>
Normalized
Moving
‘ » Filter-2 —»  Window
RMS of
‘ Residuals
‘ » Filter-3 >
Fig.4. Contact Condition Estimation Scheme
g Yaw Rate
= 0.7 T Ll L Pkl P '—
; K4 LT .”-""""-'---._.- -
3 0.65 s \
é o Filter -3 Filter -2
o 0.6
S .,
(o] TP T T LD P PSP PTY T PTSR L
< 0.55
o )
&) 0.5 \__/\/\
©
E 0.45F K 1
— Filter -1 ) ]
Time (Sec)

Fig.5. Normalized rms of residuals at P,

In this research three Kalman filters, Filter -1, Filter -2
and Filter-3, are found to be sufficient to detect different
operating points of the wheelset. Estimator-1 is optimally
tuned to perform at the P; (as in Fig.1) in the linear region
of the creep curve where slope of the curve is positive.
Estimator-2 is designed to operate at maximum point (P,)
of the creep curve where the slope of the creep curve is
zero and Estimator-3 is designed to operate in the
unstable region (P;) where the slope of the creep curve is
negative. Normalized rms values of the residuals using a
moving time window of one second are presented in
figures (5-10), which show an excellent agreement
between the Kalman filters and the operating conditions.
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In order to identify the contact conditions at operating
points other than those selected for the Kalman filter
design, it is possible to use the combination of the results
from all three Kalman filters to assess the likelihood of
which one(s) is closest to the contact condition. This
avoids the need to increase the number of Kalman filters
which can be problematic for practical applications.
Further simulation results are given in figures (11-16).

0.9 T : v

When the wheelset is operated in linear part around P,
filter-1 is producing the best results (fig.11-12). This is
because the dynamic properties of the wheelset are nearly
equal along the linear part of the creep curve. Around Ps
(where the creep forces start to behave non-linearly)
filter-1 and filter-2 have better results than filter-3 and at
point Pg filter-2 and filter-3 are better than filter-1.

: Figures (10-15) allow us to divide creep curve into five
é Yaw Rate different segments. First segment is the linear part of the
z 08 7\/—\""\/" curve where filter-1 is producing least error. Second
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Fig.10. Normalized rms of residuals at P; makes the identification of wheel-rail contact condition
simpler. Using these results a suitable identification
method can be developed using Fuzzy logic to identify
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Fig.13. Normalized of residuals at Ps
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6. CONCLUSIONS AND FURTHER WORK

Real time knowledge of the adhesion level between wheel
and rail is necessary to improve the efficiency of the
traction and braking performance of railway vel_licle. The
proposed multiple model based estimator provides good

clue to identify the operating condition. Further research
is ongoing to use this technique to identify adhesion limit
in various different contact conditions. Later on an
identification method can then be developed to identify
the wheelset operating conditions. The accurate
information about the contact condition will then allow
the control system to optimize the traction and braking
performance.
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The traction and braking performance of the railway vehicle is governed by the contact forces generated at the wheel
rail interface. These contact forces are a non-linear function of the creepages and vary substantially when the
conditions of the rail surfaces change due to the fallen tree leaves and/or other contaminations. The overall adhesion
can therefore becomes very low which present a serious challenge for the traction/braking control systems to avoid
the problem of wheel slip/slide. The wheel Slip/slide is a highly undesirable phenomenon that causes the mechanical
parts to wear down quickly affects the stability and leads to the inconsistent traction performance causing problems
in train scheduling.

In order to avoid the wheel slip/slide various different techniques have been used in past. The conventional and
Hybrid anti-slip methods are based on measured relative speed between the wheel and the train (Park et al., 2001,
Choi and Hong, 2002, Watanabe and Yamanaka, 1997, Watanabe et al.. 1997). These controllers require an accurate
measurement of the train and wheel rotational speeds that makes it difficult to obtain the optimal performance. The
methods based on disturbance observer have also been used (Kim et al.). These controllers do not require direct
speed measurement rather the adhesion coefficient is estimated by using the information of rotor speed and the
torque current. But the performances of the anti-slip schemes based on a disturbance observer are to a large extent
affected by noises in the system which can be very substantial in the wheel-rail contact environment.

This research is an extension of ongoing research (Mei, 2010, Hussain, 2009, Hussain, 2010) which proposes an
indirect technique to overcome the problem of the wheel slip/slide in poor contact conditions. The proposed scheme
exploits the dynamic properties of the conventional solid axle wheelset in response to changes in contact condition
at the wheel-rail interface avoiding difficult and expensive measurement requirements. A nonlinear model of lateral
and yaw dynamics of a conventional solid axle wheelset is used for the study. The non-linearity and changes in the
interaction with the rail are modelled by using a set of non-linear creep/slip curves. The scheme consists of a bank of
Kalman filters based on the linearized wheelset models. Each Kalman filter in the filter bank is optimally tuned to
operate in a specific contact condition. The wheelset is operated at specific operating points on the creep curves and
normalized root mean square values from the residual of each filter are calculated using time moving windows.
Residuals are then assessed using a fuzzy logic based system to identify the operating condition of the wheelset.
Two different creep curves are used, representing good and slightly bad contact conditions, to show the potential of

this research.
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The low adhesion problem between the wheel and the rail has been since the beginning of the
railway a crucial parameter in the design and operation of the railway vehicles, particularly in
autumn when the leaves on the line and the humid conditions combine to form a low-adhesion
contaminant film on the rail surface. A large number of measures have been developed;
nevertheless the trouble caused by the low adhesion still occurs. The available knowledge is
largely based on subjective observations, for the most part offered by drivers. It is therefore
important to provide the real time information about the track condition to the traction and
braking control system to maximize the use of available adhesion which will help the control
system to maintain the stable operation of the railway vehicle. This paper proposes a novel
technique to identify the adhesion condition by using the fact that the dynamic properties of
the wheelset are affected by the change in the contact condition. Multiple Kalman filters are
used to estimate the wheelset dynamics in different contact conditions. Each Kalman filter in
the filter bank is optimally tuned to operate in a specific contact condition. All the Kalman
filters are run in parallel and the normalized value of residuals (difference generated by the
observations and the system’s mathematical model) is calculated with a moving time window.
The residuals are then assessed by a fuzzy logic system. The fuzzy logic system identifies the

contact condition by investigating the residuals values and the tractive torque.
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IDENTIFICATION OF THE WHEEL-RAIL CONTACT CONDITION FOR
TRACTION AND BRAKING CONTROL

I Hussain' and TX Mei’
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Abstract
The contact conditions at the wheelset-rail interface have a dominant effect on the performance of the traction and
braking control systems. This paper proposes a novel approach for the identification of the adhesion condition by
exploiting the fact that the dynamic properties of the wheelset are affected by changes in the contact condition.
Multiple Kalman filters are used to estimate the wheelset dynamics in different contact conditions. The residuals of
all the filters are assessed by a fuzzy logic system to identify the different contact conditions.

1. INTRODUCTION

The low adhesion problem between the wheel and the rail has been a crucial parameter in the design and operation of
the railway vehicles since the beginning of the railway, particularly in the autumn when the tree leaves on the line
and the humid conditions combine to form a low-adhesion contaminant film on the rail surface. The rapid increase in
railway traffic across the globe demands a better acceleration and braking performance. This means a shorter braking
distance and higher acceleration in order to travel at cruising velocity for longer distances possible. Figure-1 shows
possible variations of the adhesion coefficient which can be dramatically affected by the presence of a third body

layer in the wheel-rail contact.
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Figure 1. Creep Curves Figure 2. Creep Force vs Creep

An improved knowledge of the contact conditions will help to prevent the occurrence of wheel slip/slide of traction
and braking systems on slipper tracks. This paper proposes a novel idea to identify the contact condition at wheel-rail
contact. The main approach of the proposed scheme is to interpret the variations in the dynamic responses of the
wheelset under different track conditions into useful contact information. In the past, railway engineers tried to
improve the adhesion of wheel/rail with many methods, with mixed success. This is because the adhesion coefficient
is very sensitive to the environmental conditions, such as speeds, axle-loads, wheel and rail profiles, contamination

of contact surfaces, weather, etc [1].

In some re-adhesion control techniques the adhesion level is identified by measuring the difference between the train
speed and the wheel rotational speed [2-3]. These re-adhesion control techniques rely on relative speeds measured by
sensors measuring angular speed of the wheel and absolute speed of vehicle. There are several practical issues
involved in detecting these parameters. The requirement of robust/reliable sensors for the harsh working
environments limits the accuracy of measurements. Also the estimated vehicle speeds were used instead of measured
to improve the performance under noisy mechanical environment [4]. Attempts have been made to measure the
adhesion level available between wheel and rail but the measured data is not considered reliable because presence of
several noises generated from various mechanical parts. There are re-adhesion control and wheel-slip protection
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schemes that utilize the use of disturbance observers to estimate the adhesion information. The methods based on
disturbance observers estimates adhesion saturation by using the information of rotor speed and the torque current
and do not require direct speed measurement. However the performances of the anti-slip schemes based on a
disturbance observer are to a large extent affected by noises in the system which can be very substantial in the wheel-
rail contact environment. There is a lack of effective solutions that can provide real time information about the
maximum adhesion available as a train travels through a track. This paper examines the use of multiple model based
estimation approach for the detection of the contact conditions. A previous study has tried to estimate the creep
coefficient at the wheel-rail contact and use this as an indirect indicator of the adhesion [5]. In this study, however,
the use of a multiple Kalman filters is studied, which represents different operating conditions of the wheel-rail
contact.

2. MODELING

Railway vehicles employ steel wheels running on tracks with steel rails, which provide the support and guidance
functions. The interface between the two is established at contact point(s) between the wheels and rail surface, and
both the vehicle configuration and the track greatly influence how vehicles behave [6]. The contact zone between a
railway wheel and rail is very small (about 1cm?) compared with their overall dimensions and its shape and can be
separated into slip and non-slip regions as shown in figure 2. The maximum level of tractive force depends upon the
adhesion level at the wheel-rail contact patch. The way in which forces are generated at a rolling contact between
wheel and rail is quite complex and relies upon the concept of “creep” a phenomenon which arises from the elastic
deformation of material around the contact patch [7] and is defined as the relative speed of the wheels to rail and
characterized as the lateral and longitudinal creep in accordance with the direction of motion. This study is carried
out using a single solid axle powered wheelset connected to bogie via a yaw spring that stabilizes the kinematic
motion of the wheelset.

2.1 Wheelset Dynamics

The railway wheelset has several degrees of freedom. The lateral displacement, yaw movement, longitudinal motion,
wheels rotational motions are considered in the paper for the simulation of the wheelset dynamics and assessment of
the multiple Kalman filters for the estimation of the contact conditions. The equations of motion of the wheelset are
given below [8-11].

FR |:roa)wR Vv _[Lgl// + a)wR}/(y—yt)]:|+ FL |:rowwL_v+[Lgl//+ a)wL}/(y_yt)]:l
1%

(1

Mx=-—= L

Ar v v A v v
Where M, is the mass of the vehicle, x is longitudinal motion of the vehicle with X associated acceleration, F and
F; are the right and left wheel creep force respectively and are the nonlinear function of adhesion coefficient (#) and
normal force (V) as shown in figure-2, 4; and A are the left and right wheel creepages, L, is the track half gauge, v is
the yaw angle of the wheelset, y is the lateral motion of the wheelset, v is vehicle forward speed, r, is the contact
radius of the wheel, w,r and w,, are the right and left wheel angular speeds, v is the wheelset conicity and y, is the
track disturbance in lateral direction. The yaw degree of freedom is represented by following equation where %,
represents yaw stiffness and /, is yaw moment of inertia.

_ ' - N .
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The lateral dynamics are determined by the total creep force of the two wheels in lateral direction. Where F is
centrifugal force which is taken into consideration when the wheelset runs on a curved track and given in equation

__E[¥ Fk[y' }L
= e—_—| — - ——— | — — F
m,y 2, [v W} 2 v 4 ¢ (3)

The wheelset is driven by the traction motor mounted on one side (right side in this case) of the wheelset. The other
wheel is driven by the torsional torque.

e
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Where T, is the torque applied by the traction motor, T is the torsional torque and Ty and T are the tractive torques
of the right and left wheel respectively. The torsional torque along the shaft is determined by the difference in
rotation between two wheels [10]

T. =k.‘J.(a)R—a)L)dt+C‘(a)R—a)L) (6)

Where C; is material damping of shaft, usually very small, and therefore can be ignored. It is assumed that there is no
bounce motion. In that case the roll motion is constrained by track and it does not have significant affect on
creepages therefore it is ignored in further study.

2.2 Estimator Design

For the design of the Kalman filters, the wheelset model is simplified and only lateral and yaw dynamics are
considered to be sufficient for this type of study [S, 11-13]. The simplified equation of the creepages involving only
yaw and lateral dynamics are given below.

Ly -
A, =282 ry -y,) (7)
v ¥,
1 o Ly -y (8)
2 =
v v,
y
ﬂ’y zﬂ’yR zﬂ’yL —';——l// (9)
The creep force equations are linearized and the simplified small signal model of wheelset is given below [8-9]. .
[ o 1 o 1 oo
Ay, 0 0 0 1 Ay 0
d| Ay 285, _2g22 Ay
e D I T | (10)
d| by, ) ) 2 &, 2Lg7g|1
_Al/.}_l —2Lg}gll —Ew— 0 "_2ng“ _Al/./.i r1
AN I, i, | Lot

Lateral and yaw dynamics of the railway wheelset are excited by track irregularities (y,) which cannot be applied as
an input to the Kalman filter, but cannot be ignored due its direct affect on wheelset dynamic behaviour. Therefore to
solve this problem y, is reformulated and treated as a part of the state vector such that dynamics of the system are

unchanged.
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Where j represents the track noises with variance Q. Two sensors (A gyro sensor for yaw rate measurement and an

accelerometer for lateral acceleration measurement) as indicated in equation (4.29) appear to be sufficient for
Kalman filter to provide satisfying estimation results.

~ Ay -
0 0 1 0 0 Ay
z(t)=|28n _28» 0 0 0 Ay |+v (12)
m, vm, Ay,
Ay—'Ayr

Where v is a vector representing noise level of sensors with covariance R. It is assumed that there is no correlation
between process and measurement noises.

3. Fuzzy Logic

In this paper, fuzzy logic scheme is developed for the analysis of data from the Kalman filters and for the
identification of the contact conditions by producing the numeric output associated with specific data or model. It has
already been used in various similar industrial applications [14-16]. The identification of contact condition from the
combination of residual values is a multi valued logic problem and the fuzzy logic is suitable and simple solution for
such applications.

Track Disturbance
Tractive l
Torque | Nonlinear Wheelset | Measurements
] > Model >
—|  Filter-1 —> —
Normalized
Moving Fuzzy
Filter-2 | Window »| Logic

RMS of
Residuals

—>
:
I—ul Filter-5 | L

System

Figure 3. Proposed Scheme

4. Contact Condition Identification

A multiple model based estimation scheme is shown in the figure-3. This scheme identifies the contact condition
based on a residual signal, which is the difference generated by the observations and the system’s mathematical
model. The nonlinear wheelset model is used to simulate the behaviour of the wheelset in presence of an unknown
track disturbance in lateral direction. The Kalman filters are optimally tuned to operate on saturation point of
different creep curves shown in figures 4 and 5. All the Kalman filters are run in parallel and the normalized rms
value of the residuals with moving time window of one second is calculated. The rms values of the residuals are then
fed to the fuzzy logic system which examines the rms values along with the tractive torque to identify the contact

condition.
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Onboard Estimation of the wheel-rail contact conditions
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The low adhesion problem between the wheel and the rail has been since the beginning of the
railway a crucial parameter in the design and operation of the railway vehicles. Although in
last few decades the railway industry is able to manage the low adhesion to some extent but
currently available measures are not sufficient to eliminate the safety incidents and train
delays. This research work has led to the development of a novel and vehicle based technique
for the real time estimation of the contact conditions by using multiple models to represent
variations in the adhesion level and different contact conditions. The proposed solution
exploits the fact that the dynamic behaviour of a railway vehicle is strongly affected by the
variations in the adhesion level. The purpose of the proposed scheme is to interpret these
variations in the dynamic response of the wheelset into useful contact condition information.
The proposed system involves the use of a number of carefully selected mathematical models
of a rail vehicle to mimic train dynamic behaviours in response to different track conditions.
Each of the estimators is tuned to match one particular track. The level of
matches/mismatches is reflected in the estimation errors of the models concerned, when
compared with the real vehicle (through the measurement output of vehicle mounted inertial
sensors). The output residuals from all the models are then be assessed using a fuzzy logic
based decision making system to determine which of the models provide a best match to the
present operating condition and hence to give real time information about the track

conditions.
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Abstract— This paper presents a novel technique for
the real time estimation of the contact conditions by
using a combination of multi-Kalman filtering and
fuzzy logic approach. The proposed solution exploits
the variations in the dynamic behaviour of a railway
wheelset with the changes in wheel-rail contact
condition. The proposed system involves the use of
multiple model based estimation of the wheelset
dynamics in response to different track conditions.
Each of the estimators is tuned to match one particular
track condition to give the best results at the specific
design point. Residuals of each filter are calculated
and the level of matches/mismatches is reflected in the
residual values of the models concerned. The residuals
from all the models are then be assessed by a fuzzy
inference system to determine the present operating
condition and hence to give real time information
about the track conditions.

Keywords- Wheel rail contact; State Estimation;
Kalman filters; Fuzzy Logic

1. INTRODUCTION

Adhesion is a very important factor in the operation of
the railway vehicles. The delivery of traction and braking
is achieved through the available adhesion at the wheel-
rail interface. Insufficient level of adhesion can lead to
severe safety and operational problems resulting in huge
financial losses to railway industry around the world.
Although in last few decades the railway industry is able
to manage low adhesion to some extent but currently
available measures are not sufficient to eliminate the
safety incidents and train delays. This is because the
adhesion is affected by a large number of parameters such
as weather, season changes and contaminations and
therefore cannot be predicted with certainty. Changes in
the adhesion conditions can be rapid and also short-lived,
and values can differ from position to position along a
route depending upon the type and degree of
contamination which presents a great scientific challenge
to effectively design a suitable technique to tackle this

problem.

wheel  slip/slide  protection ~ (WSP)
for traction and braking systems are

Available
technologies

incorporated in the rail vehicles to maximize the use of
available adhesion [1]. WSPs control the slip ratio
(relative speed between a wheel and the train) below a
pre-defined threshold to avoid slip/slide during traction
and braking [1-2]. Those controllers are difficult to obtain
optimal performance and also require accurate
measurement of wheel slip. In general, WSPs are
effectively reactive systems, i.e. only ‘activated’ to stop
wheel slip/slide when detected by the sensors. There is
still a need for a system which is proactive and can
prevent slip/slide from its occurrence, such that real time
information about the track condition can be provided to
the traction and braking control systems to maximize the
use of available adhesion. On the other hand, the wheel-
rail contact mechanics is extremely complex and vary
with time which presents a great scientific challenge to
effectively design a suitable technique to tackle this
problem.

A number of ideas have been proposed to detect the
running condition of the wheel-rail interface that use low
cost inertial sensing mounted on the vehicle and advanced
processing, e.g. an inverse modelling approach for the
estimation of creep forces [3]; and a model based
estimation [4-5].

We have already presented the idea of use of multiple
models and fuzzy logic for the real time estimation of the
wheel-rail contact conditions [6-9]. Multiple Kalman
filters based on linearized wheelset model are used to
estimate the wheelset dynamics in different contact
conditions. The contact condition information is reflected
in the residual values of the Kalman filters which
interpreted by fuzzy logic based decision making system.
In previous research the idea was limited to only selected
creep curves here it is further extended for all possible
contact conditions. This paper also covers the complete
design of fuzzy inference system and presents a formula
to convert the fuzzy logic output into percentage adhesion.

[1. MODELLING OF CONTACT MECHANICS

Wheelsets are the component of railway vehicles that
interacts directly with the track and consequently the
dynamics of the wheelset are directly influenced by

“
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changing contact conditions - therefore this study
focussed on a single solid axle wheelset and the outcome
of the study may be readily extended to the full vehicles.
[5, 10-20]. The dynamic behaviour of the railway
wheelset is governed by the creep forces generated at the
wheel rail contact patches. These creep forces are the
result of creepages which are the relative speed of the
wheels to rail and can be characterized as lateral (4,) and
longitudinal creep (4,) in accordance with the direction of
motion as given in equations 1-3 [6-9].

- L_y -
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v v 3
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y SR A =TTV (3)

where the subscripts L and R represent left and right
wheels, r, is the nominal radius of the wheels, v is the
vehicle forward speed, y is the conicity of the wheels, ¥ is
the yaw angle, L, is the track half gauge, w; and wy are
the angular velocities of the left and right wheels
respectively, y is the lateral motion, and y, represents the
track irregularity in lateral direction. The total creepage 4,
is the combination of the lateral and longitudinal

creepages.
A = [,13.+,‘1§. i=x,yand j=L,R 4)

The total creep force F; is a nonlinear function of the
total creepage and can be represented using equation 5.

F,=u,N, j=LR (5)

The distribution of the contact forces in the longitudinal
and lateral directions is thoroughly studied by Polach [21]
and can be represented using (6).

A
/1

The equations of motion of the wheelset are given in
equations (7-12).

F,=F,.—~ i=x,yand j=L,R (6)
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where M, is the mass of the vehicle X is the vehicle
forward acceleration, 7, is the yaw moment of inertia, &,
is a yaw stiffness necessary to stabilise the wheelset, m,, is

the mass of the wheelset, }/' is the lateral acceleration, F,

is a centrifugal force which is taken into consideration
when the wheelset runs on a curved track, Fy is the
gravitational stiffness force related to the lateral
displacement and roll angle of the wheelset. The tractive
torque 7; is applied to one side of the wheelset (right side
in this case) and the other wheel is driven by the torsional
torque 7. 6,=|(wg-w )dt. k; is the torsional stiffness of the
shaft connecting the two wheels and C; is material
damping of the shaft, which is usually very small.

II1. DESIGN OF MULTIPLE KALMAN FILTERS

The main objective of this study is to detect the
changes in the wheel-rail contact condition with practical
sensors. The design of the estimator is simplified by
considering the wheelset modes that are directly related to
contact conditions. Previous studies have shown that the
lateral and yaw dynamics are sufficient for the study of
plan-view dynamics of a wheelset [5, 7, 9, 16, 22-24]. The
simplified model has several advantages in estimator
design without having a significant effect on the results [7,
9, 24]. The major advantage is the simple design of the
estimator with minimum number of states which will
allow the estimator to converge quickly. The yaw and
lateral dynamics are excited by lateral track irregularities
hence no torque input is required to estimators in
simplified model also irregularities in track are not no
measureable therefore cannot be applied as input to
Kalman filter either. The contact forces given in (5) and
(6) are nonlinear in nature and are linearized at specific
points on the creep curves in order to enable the design of
the Kalman filters. The small signal model of linearized
creep forces is given in following equation [7-8].

0 0 1 0 ] i
By 0 0 0 1 Ay 0
A 25 2 0 Ay N 0 A
b Mo W by 2L0}g yt(13)
Ay _2Lg7gn ky 0 2L‘g,, Ay rgT”
rl, i, | L Tolw

The track disturbances (y,) are very difficult to
measure in practice and therefore highly undesirable to be
used as an input to the Kalman filters, therefore (13) is
reformulated to overcome the problem, as
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Fig.11 shows the output of the fuzzy inference system
when the system is operated on creep curve Ca. the fuzzy
logic output is converted to adhesion information using
(16). The system takes approximately two seconds to react
and produce correct output. The delay in this case is 2
seconds which is the result of the time consumed by the PI
to control the tractive torque steadily and 1 second is
required to calculate the windowed rms of residuals. After
2 seconds the output fuzzy logic system is steady and the
estimated adhesion level is almost equal to the actual
adhesion level. Fig.12 shows the result obtained by
simulating the Simulink model using creep curve Cg.
Again the steady output is produced after a delay of
approximately 2 seconds. It is worth noticing here that
almost half of the delay is caused by the PI controller
which during simulation gradually increases the tractive
torque from zero until it reaches to saturation point and try
to hold the operating point for sufficient amount of time in
order to analyze the residuals. In practice while the
wheelset already be in motion the amount of delay would
not be that much. After the expected delay the estimated
adhesion level is approximately equal to the actual
adhesion level. The difference in the actual output and the
estimated output is caused by several reasons that include
inaccuracy in fuzzy interpretation and the error due to
curve fitting formula. Similarly Fig.13 shows the result of
the simulation when the wheelset is operated on creep
curve Cg.

VI. CONCLUSION AND FURTHER WORK

The problem of low adhesion and its adverse impact on
train control systems and rail network operations present a
significant technological challenge to the railway industry.
Measures taken by railway industries around the world,
such as sanding, water jetting, WSPs e.t.c, have solved
this problems to some extent. But these measures are not
sufficient to eliminate the problems completely. The
adhesion detection method presented in this paper lays a
scientific foundation for a new way forward. The
simulation results presented in this paper affirm the
potential of the idea presented. But further work, e.g. track
testing and experimental validation, will be needed before
it can be put into practice.
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Estimation of wheel-rail contact conditions and adhesion using
multiple model approach
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This paper presents the development of a multiple model estimation approach for the
identification of the adhesion limit to overcome the problem of the wheel slip/slide at the rail
wheel-rail contact. The contact characteristics at the rail wheel-rail interface are both highly
nonlinear and subject to changes due to exposure to external contaminations. The detection of
adhesion and its changes is therefore scientifically challenging, but would provide a critical
information in the control of trains to avoid undesirable wear of the wheels/track but also the
safety compromise of rail operations. The study exploits the variations in the dynamic behaviour
of the railway wheelset caused by the contact condition changes and applies a bank of Kalman
filters designed at selected operation points for the adhesion estimation. A fuzzy logic system is
then developed to identify the contact conditions by examining the residuals from the Kalman
filters.

Keywords: contact condition estimation; Kalman filters; railway wheelset;
fuzzy logic.

1. INTRODUCTION

The wheel rail interaction is the most important element in the dynamics of railway
vehicles and the contact forces that govern the dynamic performance of the railway
vehicles vary substantially when the conditions of the rail surfaces change. The
change in the contact condition can cause subsequent changes on the traction and
braking responses of a rail vehicle, especially when the rail and/or wheel contact
surfaces are contaminated by e.g. fallen tree leaves, oil or rain/snow, leading the well
known problem of low adhesion. The low adhesion problem presents a serious
challenge to the traction/braking control systems to avoid the problem of wheel
slip/slide which can potentially cause the severe wear of wheel and rail surfaces,
increase mechanical stress in the system, affect stability and lead to the inconsistent
traction performance causing problems in train scheduling.

The most commonly used wheel slip protection schemes are based on
controlling measured slip ratio (relative speed between a wheel and the train) to
control the wheel rotational acceleration below a pre-defined threshold [1-4]. In some
techniques adhesion coefficient is estimated by use of disturbance observer [5-8]. An
indirect method has also been introduced that detects the slip by investigating the
torsional vibrations in the wheelset axle [9-11]. The controllers based on these
techniques are reactive in nature and only if wheel slip/slide is detected.

However there is a real need for an effective solution to provide the real time
information about the maximum adhesion level which could then be used to
determine appropriate provision of the tractive effort in either traction or braking in an
optimized manner to make the most out of the wheel-rail contact conditions without
the risk of causing the undesirable wheel slip/slide. The main technical difficulty for
developing such a solution is due to the fact the contact mechanics at the wheel-rail
interface are extremely complex. The relationship between the creepage (relative
velocity between the wheel and rail surfaces) and the contact forces, i.e. the creep

e
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curve, is known to be highly non-linear, but also can change quickly due to
contaminations.

Model based estimation approach has been proposed previously to estimate the
initial slope of the creep curves (in the linear region) or the contact forces [12-13], but
it is not yet clear how the outcome could be correlated to generate adhesion
information.

This paper studies a multiple Kalman filter approach to provide real time
information about contact condition variations by exploiting the fact that the dynamic
behaviour of a railway wheelset can change substantially in response to different track
conditions. The multiple model based estimation and identification methods have
been used for other applications previously [14-15] and are well suited to tackle the
problems of this kind due to the non-linear nature of wheelset dynamics. A bank of
Kalman filters will be developed to represent different operating points/conditions, the
residuals of which are then processed using fuzzy logic reasoning to identify the
contact conditions. The idea was first presented by the authors using only single creep
curve representing good/dry contact condition [16-18]. This paper however takes into
account various different creep curves representing different contact conditions. The
development is based on a single railway wheelset, but can be readily extended for
full vehicles.

2. Wheelset modelling

A conventional solid axle wheelset with coned wheels is used in the study and the
longitudinal, lateral, rotational and yaw dynamics of the wheelset are included in the
model. The bounce and roll motions are not considered in that case as they are
constrained by the track. The track irregularities in the lateral direction are considered
because of its direct effect on yaw and lateral dynamics. The railway wheelset
dynamic behaviours are dominated by the creep forces generated at the wheel rail
contact patches. These creep forces are the result of creepages which are the relative
speed of the wheels to rail and can be characterized as lateral (4,) and longitudinal
creep (4,) in accordance with the direction of motion as given in equations 1-3.

A, = ’bwL—V+[LgW +7(y“}’1)] (1)
v v v,
—v Lu _
ﬂ,xR=roa)R v_[ gl//_*_}/(y yt)] (2)
1% v v,
Y
Ay = hp =4y =2y 3)

v
where the subscripts L and R represent left and right wheels, 7, is radius of the wheels,
v is vehicle forward speed, y is the conicity of the wheels, ¥ is yaw angle, Lg is track
half gauge, @, and wg are the angular velocities of the left and right wheels
respectively, y is lateral motion, y is speed associated with lateral motion and y; is
track disturbance in lateral direction. The total creepage /; is the combination of the

lateral and longitudinal creepages.
A=A +4 i=x,yandj=L,R @
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The total creep force F, is a nonlinear function of the total creepage and can be
represented using equation 5. For small creep values (microslip) F; varies linearly
with the creep. As the slip velocity is increased it varies nonlinearly and reaches to
maximum value (saturation) and decreased beyond that point if the slip velocity is
increased further as shown in Fig 1. However, this non-linear relationship can be
severely affected by different contact environments such as the contaminations and
the weather and the creep force is subject to large and uncertain variations. A
selection of creep curves representing different contact conditions are illustrated in
Fig 1.

F,=uN, j=LR (5)
The distribution of the contact forces in the longitudinal and lateral directions is
thoroughly studied by Polach [19] and can be represented using equation 6.

4,
F,=FL,
The equations of motion of the wheelset are given below 7-12.

i=x,yand j =L,R (6)

N Yo, — Ly - N row, —v L.y -
Mujéz /L:R R2 o“YR V_[ gl//+}/(y y:)]:l_*_ /«:L L2 I:o I \+[ gW+}’(y y,)] (7)
,/zlxR+AyL v v Yo ,MxL +4, v Yo
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Fig. 1. Creep Curves
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HUpgNp 1, 0p—V Lgl/)+7(y‘y1) (10)

I.0,=T -K 6, -, —( )]
AR+, v v T
N ro,-v Ly y(y-y) (1)
[Lszngs_ro ll;L L2 oL +( g +}/y yt )]
2o, v 7,
T, =k, [(0 -, ¥t +C, (0, — ;) (12)

Where M, is the mass of the vehicle x"is vehicle acceleration, 1, is yaw moment of
inertia, k, is a yaw stiffness necessary to stabilise the wheelset, m,, is mass of the
wheelset, y is lateral acceleration, F. is centrifugal force which is taken into
consideration when the wheelset runs on a curved track, Fy is gravitational stiffness
force related to the lateral displacement and roll angle of the wheelset. The tractive
torque T is applied to one side of the wheelset (right side in this case) the other wheel
is driven by the torsional torque 7. HS=J(a)R-a)L)dt and Tg and T; are the tractive
torques of the right and left wheels respectively. k; is torsional stiffness of the shaft
connecting two wheels and C; is material damping of the shaft, which is usually very
small.

3. Estimation scheme

The model based techniques such as Kalman filters have been used successfully for
the estimation of states as well as parameters.[13, 20-21]. However, the use of a single
estimator (through linerisation and/or extension) has been found insufficient to tackle
the complex problem, because of the high level of non-linearity and uncertainty (i.e.
time varying) associated with the wheel-rail contact mechanics. A multiple model
based estimation scheme is therefore proposed and the system scheme is shown in Fig
2. Each of the Kaman filters in the filter bank is designed and optimally tuned to
operate in a specific contact condition. All the Kalman filters are run in parallel and
the normalized rms value of the residuals with moving time windows is calculated.
The rms values of the residuals are then fed to the fuzzy logic system which examines
the rms values along with the tractive torque to identify the different contact
conditions. The nonlinear wheelset model introduced in section 1I is used to simulate
the wheelset dynamic behaviour and to assess the effectiveness of the proposed

scheme.

2.1 Kalman filter design

The plain view dynamics (lateral and yaw degrees of freedom) are used to design the
Kalman filter to simplify the design. The plan view model represents the dominant
wheelset dynamic properties and is nearly always used for studies of this kind [12-13,
18, 22]. Due to the presence of nonlinearities in the wheel-rail contact mechanics, the
creep forces are linearized. The first order small signal approximation of the
longitudinal creep force of the right wheel is given below.

AF p =814« +g12/1yR (13)
where g;; and g;» represent the slope of the curve at the point of linearization. The
lateral creep forces and those for the left wheel are linearized similarly and the small
signal model of the yaw and lateral dynamics is then obtained as given in equation 14.
The model is reformulated to include the track input y, as one of the states as it is not
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easily measurable in practice and cannot be treated as a simple plant disturbance
because it has a significant effect on the lateral and yaw dynamics [22]. In the
reformulated equation lateral displacement of the wheelset is replaced by the
estimator state representing the lateral displacement relative to the track, ie. 4y,-4y;.
A small constant N is added to the reformulated equation to keep the system matrix
full ranked which will allow the Kalman filters to converge [22].

Track Disturbance

Tractive l
Torque Nonlinear Measurements
' Wheelset Model >
—»  Filter-1 P> —>
N lized
ormatize Contact
Moving Fuzzy | condition
—  Filter-2 | —> ic M
Window RMS Logic
: of Residuals System
—+ Filter-5 | —>
Fig. 2. Estimation Scheme
i [ o 0 1 0 0o ] L
Ay 280 _28n o o o Ay 0
Ay m, vm, Ay 0
4 sy || K o s o sl Ay |+ 0|8, (14)
d I, 0 Blw y r(o)lw Ay 1
0
Ay - Ay, Ay-Ay, | -1
LY 0 l 0 0 0o [ -t

Two sensors (A gyro sensor to measure the yaw rate and an accelerometer to measure
the lateral acceleration) are found to be sufficient to detect the contact condition.

Ay
0 o 10 0] &
2(t) =| 282 _285 0 0 0 Ay |+v (15)
m, v, A,
_Ay_Ayz_

Where v is a vector representing noise level of the sensors with the covariance R and
Q is said to be the process noise covariance. By properly tuning the covariance matrix
for the track noises, process noise covariance and selecting suitable value for N the
performance of the Kalman filter can be optimized at different operating points to
form a bank of Kalman filters. Five different creep curves, representing high to very
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low adhesion conditions, are used. After a thorough study of behaviour of Kalman
filters in different contact conditions and keeping in view the practical aspects, only
five Kalman filters are used to identify the contact condition. The filters-1 to filter-5
are optimally tuned at P; (linear region of the creep curve where p=40%), P,
(saturation point of the creep curve where p=40%), P; (nonlinear region away from
saturation region of the creep curve where p=20%), P, (linear region of the creep
curve where n=10%) and Ps (nonlinear region near to saturation region of the creep
curve where p=5%) respectively. The wheelset dynamics on selected operating points
are entirely different from each other avoiding any redundant Kalman filters. Kalman
filter tuned at P; is robust enough to work at the linear region of the other creep
curves as well with a slight increase in error. The results of state estimation carried
out in the linear region of the creep curve representing 40% overall adhesion are
shown in Figs 3 and 4, where filter parameters Q (6 X1 0°L) and R (diag{9 x1 0°
6 x10™""]) are found to give the best estimation.

osE 1 Estimated Yaw Rate | E:fstin} ted Lateral Acceleration|

_
(=]
T

Milli-Meters/Sec?
o

10k
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o

2 3 4 5 & 7 & 9 1

8 —2 3+ ¢ 5 6 7 & 9 0% 3
S . T o 10f ; 1
3 Residual 2 Residual
T ettt T A A A, D O PRI v i A WA AN
3 2 {
14 T 10k
é '05 e r r r I L r r r N é 10 r r I3 r r r r r
$ 4+ 2 3 4 5 6 7 8 9 0= 1 2 3 4 5 6 7 8 9 10
Time in seconds Time in seconds
Fig-3. Yaw Rate (A Y ) Estimation Fig-4. Lateral Acceleration ( Ay ) Estimation

2.2 Fuzzy logic design

Normalized rms values of the residuals from the bank of filters are calculated using a
moving time window and processed further with fuzzy logic reasoning in the
proposed monitoring system to identify the contact conditions. There are various
industrial applications in which fuzzy logic is used as data selector [23-24]. The
detailed view of the fuzzy logic system is shown in Fig 5. The rms residual from each
of the filters has an associated membership function (e.g. MF1 for residual of filter-1
and so on). Figure-6 shows the membership function of input R; (R; is the normalized
root mean square value of the residual of the filter-1 calculated using equation-16).
The horizontal axis represents the normalized value of residual. The value of residual
then determines the magnitude of participation of the input and the category it belongs
to (e.g. ‘Large’ if the residual value is 0.6 and the degree of membership is 1).

1 )
— JR@a
Rl — ’ 1 ’t—At 1 , (16)
| 2 2 2
\/jﬁ,ile(t) di+— [ &, i+t [(Ry(0yat

t—=At 1-At
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Fig. 5. Fuzzy Logic System

The numbers of categories in each MF depend upon the variation of residual value of
filters in different operating conditions. For instance, the value of the residual of filter-
1 remain approximately same for creep curves representing overall adhesion less than
20% therefore only three categories are found to be sufficient to distinguish the
operating point information. However in the case of filter-2 the residual values are
substantially different for the different curves and hence 4 categories are required to
distinguish the operating conditions.

®
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Fig. 6. Membership function of Residual Fig. 7. Membership function of Residual
of Filter-1 of Filter-2

The boundaries and the shape of the categories are formed by carefully analyzing the
residual values at each operating point. The general idea of setting the boundaries of
categories is to divide the entire horizontal space into three categories, near, far and
very far. This will allow extracting the maximum information by using least possible
number of filters. For instance in figure 6 the residual value falling in ‘Small’
indicates that the wheelset is operating in good contact condition (u~40%) and the
residual value falling in ‘large’ indicates the wheelset is operating in a relatively load
adhesion condition (10%>u>5%) ruling out rest of the curves and making it easy for
fuzzy logic system to make decisions. The shape of the membership functions are
chosen on the basis of behaviour of residual values which varies gradually and can
have same values at multiple operating points. A triangular or step functions would
not be suitable in those circumstances. The membership functions for the rest of the

inputs are formed in similar way.
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Once all the inputs are scaled and combined they are processed according to the rules.
The resulting outputs from all the individual rules are averaged and weighted by
output membership functions. There are two output membership functions. One for
determining the creep curves (figure-9) and other for operating points (figure-8). The
fuzzy logic system is designed to identify the contact condition based on following
figure. This figure shows a typical variation of adhesion with the creep. The outputs
of fuzzy logic are numeric on a scale of 0 to 100. Each numeric value represents
specific adhesion level and the operating point. For example the values of output
membership function-1=33 and output membership function-2=50 suggest that the
wheelset is operating in nonlinear region and the overall adhesion is 20%. On each
curve there are four designated point one in linear region (i-e. P,), two in nonlinear
region (i.e. P, and P.) such that P, is labelled as nonlinear region away from
saturation and P, is labelled as nonlinear region near to saturation and fourth point is
the saturation point of the creep curve (i.e. P;). The relation between the fuzzy logic
outputs and the operating condition is given by the following equations.

1 =-4.714x10"n; +0.0011x, —0.08n +1.8n, +33 (17)

Where p in this equation is adhesion level in percentage and n; is the numeric fuzzy
logic output for adhesion level. If the operating point in the linear region is
represented by 1 and the operating point in the non linear and saturation regions are
represented by 2,3 and4 respectively then the relation between fuzzy logic out and the

operating point is given below.

P =1.714x107°n; —0.00027n; +0.044n, +0.79 (18)

Where P is the operating point on a specific curve and n; is the fuzzy logic output for
ting point.
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4. Contact condition estimation

In railway research, it is a normal practice to use computer simulation in the study of
new concepts and/or vehicle designs due to the difficulty and high cost of real track
testing. Therefore a Simulink model of the proposed estimation scheme as presented
in section-II is used for performance assessment. Figure-11 shows the residual of
lateral acceleration of all the filters when the wheelset is operated in the linear region
of the creep curve representing 40% adhesion. The residual of filter-1 is the smallest
because the filter-1 is optimally tuned to operate in the linear region. Similarly in
figure-12 the residual of filter-3 has minimum value and residual of filter-1 is
increased as the wheelset operating point moves away from linear region and finally
reaches to its maximum value as shown in figure-13 where wheelset is operated in the
nonlinear region of the creep curve representing 5% adhesion. Conclusively it is clear
that the residual of each filter tends to produce the lowest residual when the wheelset
is operated at the point where it is optimally tuned to operate and increase gradually

when the operating point is moved away from that point.
1 T T T T 1 T

‘—F
0.8k Filter-5 | ogh Filter-5
0.6 0.6~
0.4 Jllter'4 0.4F Filter-1
Filter-3 Filter-4
2k — 4 028 . =
02 Filter-2 — Filter-2
0 —  Filterl N — Filter-3 .
2 4 6 8 10 2 4 6 8 10
Time Time

Fig. 12. Residuals when the wheelset is
operated in the nonlinear region (n=40%)

Fig. 11. Residuals when the wheelset is

operated in the linear region (u=40%)
In some cases it is difficult to differentiate the two operating points because the
residuals produce similar combination. This happens when the two operating points
located on different creep curves have the similar dynamic responses. In such cases
the tractive torque can be analyzed to distinguish between the two operating points.
The Kalman filters show great agreement with the theory and the results show the
good consistency of the Kalman filters. From the results it is evident that the residual
values give a unique combination at each operating point of the creep curves that
makes the contact condition easily identifiable using a fuzzy logic system by building
the certain rules (as given below). A table containing the values of the residuals of
lateral acceleration is developed by simulating the model at various different
operating points. The rules are developed by looking at the values of residuals in the
table. The output is produced in the form of a numeric value representing the
operating point and the adhesion value. Some fuzzy logic outputs are shown in
following figures. The vertical axis of the figures show the numeric values produced
by fuzzy logic outputs representing specific adhesion level and operating point.

If R, is ‘Small’ and R; is ‘Small’ and R; is “Moderate’ and Ry is ‘Large’ and R; is
‘Large’ and T, is Ts then contact condition is ‘n=40%" and Operating Point is ‘Linear

Region’.
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If R, is ‘Large’ and R, is ‘Moderate’ and R; is ‘Moderate’ and Ry is *Small’ and R; is
‘Moderate’ and T, is T, then contact condition is ‘n=40% " and the operating point is
‘Saturation Region’.

If R, is ‘Moderate’ and R, is ‘Moderate’ and R; is ‘Small’ and R, is ‘Moderate’ and
Rs is ‘Large’ and T, is Ty then contact condition is ‘u=20%" and Point is ‘nonlinear
region away from saturation’.
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Fig. 14. Fuzzy Logic Output shows the operating

Fig. 13. Residuals at Ps; point is changed during the simulation (4=40%)

Figl4 shows the fuzzy logic output when the operating point of the wheelset is
changed during the simulation. At first wheelset is operating in the linear region then
after 5 seconds tractive torque is increased causing the operating pint to move in the
nonlinear region. There is small delay which is caused by the time consumed by the
PI controller to adjust the tractive torque to force the operating point and plus the time
consumed in calculating the windowed rms of the residuals. When the tractive torque
is increased further the operating point moves towards the saturation.
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Fig. 15. Fuzzy Logic Output shows the Fig. 16. Fuzzy Logic Output shows the
operating point is changed during operating point is changed from during
simulation (u=10%) simulation (u=5%)

In Fig-15 the wheelset is operated on creep curve representing 10% adhesion level.
The operating point of the wheelset is varied after 6 seconds from linear region to
nonlinear region near to saturation point and then after 9 seconds to nonlinear region
away from saturation point. In Fig-16 the wheelset is operated on creep curve
representing 5% adhesion level. Here the wheelset is operating on the operating points
which are not used in filter design (such as between linear and nonlinear). The tractive
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torque is varied manually to drive the wheelset at desired operating points. The fuzzy
logic outputs show the wheelset operating point is changed from linear region to the
operating point located between linear and nonlinear regions. Referring to Fig-8 the
numeric value 27 in Fig-16 suggests that the point is located nearer to nonlinear
region After 9 seconds the operating is changed again but this time the numeric value

50 suggests that the point is located exactly in the middle of two operating points in
nonlinear region.
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Fig. 17. Fuzzy Logic Output shows the
operating point is randomly changed

Fig. 18. Fuzzy Logic Output shows the large
variation in the operating point

In Fig-17 the operating point is randomly changed by randomly varying the tractive
torque. The wheelset is operated on creep curve representing 20% adhesion level.
When the tractive torque is increased, the operating is moved up on the creep curve
from linear region to nonlinear region away from saturation. After a couple of second,
the tractive torque is slightly reduced therefore the operating point is moved down the
curve and the wheelset is operated on the point between linear and nonlinear region.
Finally the tractive torque is further reduced causing the wheelset to operate back in
linear region. In figure-18 the wheelset is subjected to a large variation in contact
condition and not only the operating point is changed during the simulation but the
creep curve is also switched. First the wheelset is operated on the creep curve
representing 20% adhesion level. After 6 seconds the condition is changed to creep
curve representing 40% adhesion level keeping the tractive torque same. The fuzzy
logic output indicates the condition is changed to 40% adhesion level and the wheelset
is now operating in the linear region. Simulation is also carried out by using the creep
curves other than five creep curves used in Kalman filter design (Fig-1). The result of
the simulation is shown in Fig-19. The creep curve used represents 15% adhesion
level. At the start of the simulation wheelset is operating at adhesion level of 10%.
During the simulation the condition is switched to new curve as indicated by the fuzzy
logic output.

5. Conclusion

The real time information about the wheel-rail contact condition is necessary to
ensure the consistent traction and braking performance of the railway vehicles. This
paper has presented a novel technique to identify the wheel-rail contact conditions
which are difficult to measure in practice. Different creep curves representing
different contact conditions are used in simulations and the results are found to

—
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produce robust and accurate estimations. The fuzzy reasoning developed in the study
has helped to identify different wheel-rail conditions, not only at the operating points
where the Kalman filters are designed/tuned but also for different operating points
and/or contact characteristics’ to account for a variety of conditions in practical
applications.
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Fig. 19. Fuzzy Logic Output shows the operating point is changed from during the simulation
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