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Abstract
In this master thesis, a sensorless system has been developed for an induction
machine in railway applications. The approach which was taken in this master
thesis is a consequence of the expectations of the company: investigate the
possibilities of having the current generation of Alstom’s drive system working
without use of a speed sensor. Some tests have thus been performed in order to
validate parts of this statement.
However, because of the substantial time that would require an exhaustive
investigation and a complete development, from simulation to tests on a real
train, it has been decided to focus more on selecting a method relevant for
Alstom’s specifications, and simulate it in order to identify issues.
Thus, from an extensive literature search based on books and articles considered as references, several methods has been investigated and one have been
selected for simulation. Two set-ups were used for simulations; one developed
in Matlab and the other one using real-time simulators used by Alstom to test
and validate its hardware and control software. From these tests, it was showed
that for an accurate control, it is necessary to estimate, jointly with the speed,
main motor parameters. But these motor parameters can hardly be all estimated at the same time and a strategy in order to estimate efficiently these
other parameters is proposed. Issues related to a practical implementation are
also investigated and some conclusions are drawn for an implementation of a
sensorless system in an Alstom train.

Sammanfattning
I detta examensarbete has ett reglersystem utan varvtalsgivare studerats för
en asynkronmaskin avsedd för traktionstillämpningar. Den i examensarbetet
föreslagna lösningen är vald att fungera tillsammans med Alstoms nuvarande
generations elektriska drivsystem. Ett antal inledande test har genomförts för att
verifiera om detta är möjligt. En komplett undersökning av denna frågeställning
är dock mycket tidskrävande och faller utanför ramen för detta examensarbete. Fokus har därför enbart lagts på att välja en lämplig metod som uppfyller
Alstoms kravspecifikationer och undersöka den valda lösningen i en simuleringsmiljö.
Från en utförlig litteraturundersökning har ett flertal metoder identifierats
och en har valts för implementering. Två simuleringsmiljöer användes; Matlab
samt en modell implementerad i en realtidssimulator. Resultaten från simuleringarna visar att för att möjliggöra en god reglerförmåga utan varvtalsgivare
så är det nödvändigt att även estimera motorns huvudparametrar. Dessa motorparametrar kan dock inte estimeras samtidigt och en strategi att effektivt
estimera dessa parametrar är därför föreslagen i arbetet. Frågor som rör den
praktiska implementationen är även studerade och några slutsatser presenteras
gällande hur ett givarlöst drivsystem skall kunna realiseras i ett Alstom-tåg.
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Nomenclature
All values are stator side.
Φs
Φs
is
ir
us
ur
Rs
Rr
Lm
Ls
Lsl
Lr
Lrl
Lσ
σ
Np
ωr
ωs
ωslip

Stator flux linkage
Rotor flux linkage
Stator current
Rotor current
Stator voltage
Rotor voltage
Stator resistance
Rotor resistance
Magnetization inductance
Self-inductance of the stator
Stator leakage inductance
Self-inductance of the rotor
Rotor leakage inductance
Stator transient inductance
Coupling factor
Pole pairs
Motor speed, electrical or mechanical
Stator frequency, electrical or mechanical
Slip frequency, i.e. rotor current frequency

A(d)
B(d)
C(d)

(Discretized) state matrix
(Discretized) input matrix
(Discretized) observation matrix
Table 1: Glossary of symbols

In all the following, vectors and matrices are represented in bold.
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Chapter 1

Alstom
1.1

History

Alsthom is a company which was founded in 1928 from the merger of the electrical engineering division of Thomson-Houston and the Société Alsacienne de
Constructions Mécaniques (SACM). At that time, the company was producing electro-mechanical equipments. In 1932, transport became a business area
for Alsthom with the production of locomotives. In the sixties, the company
was modernised and three subsidiaries were created; for transport, electrical
machines and electrical equipment. The company continued to grow, with the
purchase of the shipyard, Chantiers de l’Atlantique. In 1998, Alsthom changed
its name to Alstom.
Alstom is nowadays a French multinational conglomerate which main subsidiaries are:
• Alstom Transport (equipments and services for rail transport)
• Alstom Grid (equipments and services for power transmission)
• Alstom Thermal Power (equipments and services for thermal power generation)
• Alstom Renewable Power (renewable power generation)

1.2

Alstom Transport

Alstom Transport is the subsidiary of Alstom whose business area is railway
transport. It offers on all continents a complete range of products: rolling
stock, infrastructures, information systems, services, turnkey solutions.
Alstom Transport is most famously known for having created the TGV, one
of the first high-speed trains whose different types are extensively used in Europe
(and specially in France). A TGV prototype set the record for a wheeled train
of 574.8 km/h, in 2007.
Alstom Transport is now (worldwide)
• 1st in high speed and very high speed trains

5

• 2nd in urban transport (metros and trams)
• 2nd in signalling
• 2nd in maintenance
This illustrates the growth of Alstom Transport on the international level.
In this highly competitive environment, it is crucial to keep up-to-date and to
implement the last cost-cutting functionalities in order to reduce the cost of a
train. That is one of the reason why sensorless control of electrical machine is
investigated at Alstom.

6

Chapter 2

Sensorless
2.1

Introduction

The DC motor has been extensively used in the twentieth-century because of
the simplicity of its command (the armature and field current adjust respectively the torque and flux of the motor) which makes the DC motor a good
candidate for high-performance applications. However, this is compensated by
some disadvantages: since the current orientation in the rotor is controlled by
commutators and brushes, sparks may be created. Moreover, these commutators and brushes require frequent maintenance and, thus, the DC motor cannot
be used in explosive or corrosive environments and under high voltages or at
high-speed operation.
This compromise between the easiness of the control and the complexity of
the design is also valid for the induction machine which is simple to use and to
manufacture but requires a complex control, based on vector or direct-torque
control, to be used in high performance applications. With the ever-cheaper
traction systems demand and the availability of low-cost power electronics, the
induction machine tends to be used more and more.
Vector control of AC machines has been invented by Felix Blaschke in the
seventies and responds to the need of quick torque response which was not
possible with previous methods such as Volts per Hz control. With appropriate
coordinates (along the rotating field), an ac machine resembles a DC machine
with constant quantities in steady-state. Thus, in vector control, the ac machine
is considered in these synchronous coordinates which are identified by the use
of current and speed sensors. This is performed nowadays digitally.
But since speed sensors are rather costly and unreliable, the trend is to
remove them and to control ac motors with only current sensors. As a result,
speed-sensorless control of ac machines is the subject of active research since
the eighties.
In order to be able to select the most appropriate method for this master
thesis, with respect to Alstom constraints, an extensive literature search has
been performed. It was based on [14], which is a reference regarding sensorless
control, detailing a lot of methods, and highly cited IEEE articles (see the
bibliography). Results of this literature search are shown in the following.
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2.2

Main techniques of speed estimation for induction machines in high-performance applications

There are as much techniques to estimate the speed of an induction motor
as the number of possibilities to write and combine the equations governing
this induction motor. However, having an efficient speed estimator, accurate
at all operating conditions, relevant for high-performance applications, with a
good immunity to noise and insensitive to machine parameters variations, is an
interesting challenge.
In the following, the main high-performance speed estimators are presented,
with their pros and cons. The methods which are presented here are the one
based on the fundamental model of the induction machine. Other methods, such
as the ones based on the anisotropies of the induction machine (harmonics, ...)
and the one based on artificial intelligence and fuzzy logic are briefly presented
at the end.

2.2.1

Methods based on fundamental model

Induction motor model
As a reminder, the two equations describing an induction motor are :
dΦs
dt
dΦr
dt

= us − Rs · is
=

jωr Φr − Rr · ir

(2.2.1)
(2.2.2)

with (2.2.1) being the stator vectorial differential equation, in stator coordinates, and (2.2.2) being the rotor vectorial differential equation, also in stator
coordinates. Rr is the rotor resistance referred to the stator side.
It is convenient to have only the rotor fluxes and the stator currents in this
model, as the two main variables driving the motor. These variables are usually
the one considered in the literature.
Starting from (in stator coordinates, with values referred to the stator side)
Φs

=

Ls is + Lm ir

(2.2.3)

Φr

=

Lr ir + Lm is

(2.2.4)

the following transformations are used
1
Lm
Φr −
is
(2.2.5)
Lr
Lr


Lm
L2
Lm
Φs =
Φr + Ls − m is =
Φr + Lσ is
(2.2.6)
Lr
Lr
Lr


L2
with Lσ = σLs = Ls 1 − Lrm
Ls , σ being the coupling factor and Lσ the stator
transient inductance.
ir

=

8

After an insertion in (2.2.1) and (2.2.2), the following is obtained:
Lm dΦr
dis
+ Lσ
Lr dt
dt
dΦr
dt

=
=

us − Rs · is


Rr
Lm Rr
jωr −
Φr +
is
Lr
Lr

(2.2.7)
(2.2.8)

r
In order to decouple the evolution of the rotor fluxes, LLmr dΦ
dt is subtracted
in the first equation, using the second one, and the result is

dis
dt
dΦr
dt




Lm Rr
Lm ωr
Rs
L2m Rr
1
· is +
−j
= −
+
Φr +
us(2.2.9)
Lσ
L2r
Lσ L2r
Lσ Lr
Lσ


Lm Rr
Rr
=
is + jωr −
Φr
(2.2.10)
Lr
Lr


In this report, equations (2.2.9) and (2.2.10) are the one which are used for
the induction machine model.
The problem of the low speed
In the literature, it is constantly mentioned that the critical part regarding
sensorless control of induction machine is when the motor speed is low. In a more
precise way, the problem is indeed when the stator frequency is close to zero. In
this situation, the coupling effect between the rotor and stator is disappearing,
and all the rotor variables (including rotor speed) become unobservable.
In an induction motor,
ωs

= ωslip + ωr

(2.2.11)

with ωs the stator frequency, ωslip the frequency of the current in the rotor (or
sometimes referred as slip frequency) and ωr the rotor speed, all in electrical
Hz.
At very low speed of the rotor (or even zero speed), if nominal torque is
required, then the stator frequency is close to the slip frequency (see (2.2.11)),
and the stator frequency is not zero. Thus, working for a long time at very low
speed may not be a real issue, if the torque is non-zero.
However, there is a situation when the stator frequency may become zero.
Let’s take the example of a train slowing down. If it uses its induction motor as
a brake (to inject energy on the network for example), with a constant torque,
then ωslip is constant and of opposite sign to ωr . Since ωr is decreasing (the
train is slowing down), there may be a moment when ωslip + ωr = 0, and at
that moment the stator frequency is zero. For a nominal slip frequency of 1 Hz
(electrical), this situation occurs at a motor speed of 1 Hz, electrical, or 0.5 Hz,
mechanical.
But this situation does not happen with current generation of Alstom trains,
since the electrical brake is only used above a certain frequency of several Hz,
and under this certain frequency a mechanical brake is used. It is thus out of
the scope of this mater thesis. However, their are studies nowadays in Alstom
to implement the electrical brake up to zero speed, and in this case, this issue
shall be investigated.
9

Luenberger Observers (LO)
Luenberger observers are closed-loop state estimators, relevant only for linear
time-invariant deterministic systems (deterministic in the sense that no randomness appear in the system). It is based on a state space representation, where
the estimated state is updated thanks to a feedback composed of the difference
between the real state (from measurement) and the estimated state. The coefficients of the observer gain matrix L are chosen in order to obtain the required
system dynamics.
The estimated quantities, for a continuous-time system, satisfy the equations
˙
x̂(t)

=

Ax̂(t) + Bu(t) − L(y(t) − ŷ(t))

(2.2.12)

ŷ(t)

=

Cx̂(t) + Du(t)

(2.2.13)

where x̂(k) is the estimated state vector at time t, ŷ(k) is the estimated
output, and u(k) is the input. L is usually calculated with a pole placement
method. In the induction machine context, the estimated state vector x̂ can be
made up of îsα , îsβ , Φ̂rα and Φ̂rβ for example, the estimated output ŷ can be
the currents in α-β coordinates, the input u the α-β voltages and the matrix D
is 0.
 ˙ 
isα
 isβ 


Φrα 
Φrβ


L2 R
Lm Rr
Rs
+ Lmσ L2r )
0
−( L
Lσ L2r
σ
r

2
Lm Rr
Rs
wr

0
−( Lσ + Lσ L2 ) − LLm
σ Lr
= 
r

L m Rr
r
0
−R

Lr
Lr
L m Rr
0
wr
Lr
 1

0
Lσ


1 
0
Lσ  · usα
+
0
0  usβ
0
0



Lm wr
Lσ Lr 
L m Rr 
Lσ L2r 




isα
 isβ 


 · Φrα 
−wr 
Φrβ
r
−R
Lr

Figure 2.1: State space representation of one full order estimator, based on the
model of equation (2.2.9) and (2.2.10)
A Luenberger observer (and all the other observers) can be of the type
reduced order or full order. Full order means that the four equations of the
induction motor (in α-β coordinates, or two with the complex representation)
are jointly used in the state space representation to represent the induction
motor. The previously cited state vector, with four state variables, is a state
vector of a full order estimator.
Reduced order estimators for the induction machine have less than four
state variables in the state vector. The typical case is when two estimators
work simultaneously, one estimating rotor fluxes and the other estimating stator
currents. Reduced order estimators may also be used to estimate other variables
of the motor (such as torque), independently of the other ones. [5] provides an
interesting analyse of reduced order estimators.
In a continuous approach, the state space representations of Figures 2.1 and
2.2 represent exactly the same model, but after a discretization this is not the
10

 ˙ 
isα
isβ

 ˙ 
Φrα
Φrβ



 
L2m Rr
Rs
+
)
0
−( L
2
i
Lσ Lr
σ


· sα
=
L2m Rr
Rs
isβ
0
−( Lσ + Lσ L2 )
r
# 
"
  1
 

Lm w r
Lm Rr
0
Φrα
usα
Lσ L2r
Lσ Lr
Lσ
+ 0 1 ·
+
wr
L m Rr ·
Φrβ
usβ
− LLm
Lσ
Lσ L2r
σ Lr
# 
#
"
"
 

L m Rr
r
−wr
0
−R
Φrα
isα
Lr
Lr
·
·
+
=
L m Rr
r
Φ
isβ
wr
−R
0
rβ
Lr
Lr

Figure 2.2: State space representations of two reduced order estimators
case. As an example, let’s consider that at step k, currents and fluxes are known,
and the state at k + 1 is requested. With a full order estimator, the evolution
of Φr between k and k + 1 is taken into consideration for the calculation of is
at time k + 1. But with a reduced order estimator, for the calculation of is
at time k + 1, Φr is considered constant between k and k + 1 with the value
at time k. Since the flux in a real induction motor is rotating between k and
k + 1, using a second order estimator can have important consequences after the
discretization, and it will be underlined at the end of this chapter.
But in order to be able to estimate the speed, the extended versions of this
observer (the Extended Luenberger Observer, ELO) shall be used. This observer
is designed to estimate non-linear time-varying deterministic systems, where
both values and parameters can be estimated (since the electrical motor speed
wr appears in the evolution matrixAd 
, it can be considered as a parameter).
xn
A new extended state vector x =
is considered, where xp contains the
xp
parameters to be estimated (such as wr , Rs ).
The extended induction motor model is then
 ˙ 
xn
ẋ =
(t) = f (x(t)) + Bu(t)
(2.2.14)
xp
y(t)

= Cx(t)

(2.2.15)

Since this model is time-varying, the coefficients of the gain need to be
updated at every step, and thus to obtain them (2.2.14) must be linearized
around the previous estimated state.
It is claimed in the literature (see [14]) that the ELO has similar performance
than the Extended Kalman Filters, with however a low immunity to noise. In
[18] several algorithms are compared, including Luenberger Observers.
Model Reference Adaptive Systems (MRAS)
A MRAS estimator is composed of two models, a reference model (which does
not depend of the estimated motor speed) and an adaptive model. Each model
is used to estimate the state of the motor, and an error vector is computed
from the difference, between the two models, of the estimated states. This
error vector is then injected in an adaptation mechanism whose output is the
11

estimated motor speed, and this estimated speed is used to update the adaptive
model. Thus the stability of the MRAS is entirely depending on the adaptation
mechanism.

Figure 2.3: Scheme of a general MRAS (from [14])
However, in the literature, some highly cited articles introduce MRAS with
the induction machine as the reference model, and a model of the motor in the
adaptive model (see [9], [10] and [11]). With this configuration, it then becomes
unclear what exactly is a MRAS since a lot of other speed estimators (such as
the NFO) can fit with this definition, where the reference model is the induction
machine, and the adaptive model can be any speed estimator.
Up to now (and if articles published in [9], [10] and [11] are not considered),
MRAS published in the literature can be split in two categories :
• Rotor-flux-error-based MRAS, where the error vector is a function of the
estimated rotor fluxes. It was developed by Tamai et al., with the voltage
model of the motor as the reference model, the current model as the
adaptive model, and a PI controller as the adaptation mechanism. It is
the most widely known MRAS.
• Back EMF-error-based MRAS, where the error vector is a function of the
measured back EMF (from currents, voltages and Rs ) and estimated back
EMF.
These MRAS schemes are 2-order estimators, with only two gains to tune,
and they are thus very simple to use. They have also a low parameter sensitivity
(see [14]). However, it is shown in [8] that both rotor-flux-error-based MRAS
and back EMF-error-based MRAS are outperformed by most speed estimation
algorithm.
Full order adaptive state observers (NFO)
The full order adaptive state observer (or nonlinear full-order speed-adaptive
flux observer) is a full-order Luenberger observer (as defined in 2.2.1, with îsα ,
îsβ , Φ̂rα and Φ̂rβ as state variables for example) where the parameter wr , which
appears in the evolution matrix A of the state observer, is estimated using an
adaptation mechanism. It is thus a mix between LO and MRAS.
12

Figure 2.4: Scheme of a NFO (from [14])
The NFO combines the advantages of the MRAS and the LO : relatively
low sensitivity to noise, small computational time. But the gains of both the
LO part and the speed adaptation part have to tuned and carefully chosen (this
design strategy, and the NFO, is described in [13] and tested in [15]).
Kalman filters (KF)
The Kalman filter is a stochastic recursive estimator, which also use state space
representation as in Luenberger Observers. It has been introduced by Thorvald
Nicolai Thiele and Peter Swerling, and later in a similar form by Rudolf E.
Kálmán and Richard S. Bucy. Stochastic means that it is able to estimate the
state of a linear system from noisy signals. The KF (and its extension, the
Extended Kalman Filters, EKF) have been substantially used in many fields of
the industry, and especially in navigation systems for the aerospace industry
and the military industry, where its stochastic properties are of great use.
The main difference between the KF and the LO is that the gains (the elements of the matrix L in (2.2.12)) are not fixed like in the LO, but they are
computed at every cycle, in function of the level of the noise, the dependence between parameters and the error of the estimation. Thanks to this computation,
the Kalman Filter has a very good immunity to noise, but the main drawback
is that the computational complexity of an EKF is high. It it not possible to
execute a Kalman Filter with very low time cycles, as it would be possible with
a simple two-order estimator (see MRAS).
Another drawback is that the Kalman Filter is a bit difficult to tune : there
are many gains and parameters which shall be tuned, and it is only effective for
a certain level of noise.
The Extended Kalman Filter is the generalized, non-linear version of the
Kalman Filter (KF). It is able to estimate both the state and parameters of a
non-linear system. It is thus possible to estimate the speed with an EKF (it is
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considered as a parameter of the induction machine, which appears in the state
matrix of the model, see Figure 2.1).
Since the induction machine simple model is not sufficient to describe the
non linearities and inaccuracies of the induction machine, the EKF is relevant
in sensorless control, thanks to its stochastic properties.
An extensive presentation of the EKF, including mathematical details, is
shown in chapter 3.

2.2.2

Other methods for sensorless control

Methods based on exploited anisotropies
It is claimed in the literature ([6], [14]) that the methods based on exploited
anisotropies are the only one which allow permanent operation at zero stator
frequency, for certain of them. The following anisotropies of the motor can be
used to identify the rotor position and speed:
• Saturation of the main inductance.
• Teeth and slot space and time harmonics.
• Rotor slot leakage.
• Introduction of an artificial saliency in the rotor, to identify its position.
These anisotropies interfere with the currents and the voltage of the motor.
These interference can take place with the high frequencies produced by the
switching of the PWM, whose characteristics are known. It is also possible
to inject a high frequency current in the motor and observe how it interferes
with the anisotropies. The frequency of the current shall be high enough not to
disturb the normal operation of the motor.
Despite their interest, these methods are out of the scope of this master thesis for several reasons. They may first be difficult to simulate, since an accurate
model of the induction motor would be needed. These methods are also very
specific and absolutely not generic and since Alstom uses many different motor
models in different railway applications, a generic method would be more interesting. The third argument is that these methods often requires both voltage
and current sensors, running at an high sample frequency in order to measure
high harmonics and frequencies. This would require changing a lot of sensors.
In order to obtain more information regarding methods based on anisotropies
the reader shall consult [6].
Estimators using artificial neural network
Artificial intelligence can be used in two ways for the control of induction motor.
• An artificial neural network can be used to tune the gains of the feedback.
In this scheme, it is used jointly with a state space representation.
• In a more general way, an artificial neural network can be used to estimate
all the parameters of the motor from the sensors. The inputs of the neural
network are sensors and all the information available relevant for the state
of the motor, and the outputs are the estimated state and parameters.
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Figure 2.5: Example of an artificial intelligence algorithm
It is believed (notably in [14]) that artificial neural network will have an
increasing importance in sensorless control (and many other applications) in a
close future. Despite of the substantial work of research currently performed in
the scientific community, artificial neural networks suffer from two important
drawbacks :
• A learning phase has to be performed, and this learning phase cannot be
generic, which means, in Alstom context, that on every train the learning
phase must be deployed. This can be very time consuming.
• More important, the behaviour of an artificial neural network is not deterministic, and it cannot be accurately predicted and guaranteed. This is
not compatible with a use in railway application, where security is a top
priority and systems must act accordingly to the requirements.

2.2.3

Estimation of other induction motor parameters

When dealing with motor speed estimation and sensorless control, it is of important matter to consider the variations of induction motor parameters. The
variation of one parameter can have a significant impact on the speed estimation,
in terms of steady-state accuracy, stability and dynamic behaviour.
The parameters which are considered in the fundamental model of the induction motor are :
• Stator and rotor resistance, which mainly depends on the winding temperature, and thus of the temperature of the copper and the rotor bars,
respectively. Their simultaneous estimation is a subject of active research
in the literature (see [2]).
• Magnetizing inductance, whose variation is caused by the saturation of
the magnetic field.
• Stator and rotor leakage inductance.
• Moment of inertia and load torque which are varying with the load of the
train and the track profile but also when a slip occurs between the wheel
of the train and the track.
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In the previous list, the stator and rotor leakage inductance can be considered
as constant, since they do not vary a lot during the operation. However, it is not
the case for the other ones and in order to perform an accurate speed estimation
and a good control of the induction motor, it may be necessary to estimate at
least some of them during the operation (in the literature, it is sometimes named
on-line parameter identification). For the other ones, having a speed estimator
which is immune to their variations can be a solution.
In [6], [14], [15] and [17], some design schemes are proposed for parameters
estimation.

2.3

Alstom’s requirements on sensorless control

After having performed this literature search and reviewed the most famous
articles regarding sensorless control, it quickly appears that between driving
chains which were considered in these articles (and used in the experimental
tests) and the one available in Alstom, there was a huge difference.
• Most benchmark in the literature are equipped with both line current and
voltage sensors, which allows a good knowledge of the state of the motor.
It is not the case in Alstom’s drive system since only one voltage sensor
is used which measures the filter voltage (the aim of this filter is to filter
the current coming from the pantograph which is very noisy because of
the poor contact). Two current sensors are used, and the last current is
known from the fact that there is no neutral.
• In the literature, powerful DSPs of at least 300 M Hz are used and this
allows an execution of time-consuming program with short time cycles.
This is of important matter since with short time cycles the discretization
has less influence (the error at each each step is smaller). In the literature,
benchmarks with time cycles of 100 µs can be seen (which means that
every 100 µs, a measure of the voltage and the current is performed, with
an estimation of the state). Alstom can not change of hardware control
every year since the different platforms must be standardized and the train
are used for at least thirty years which means that the devices shall be
available for after sales service during all this time (obsolescence). As a
consequence, on the current platform, DSPs of 80 M Hz are used, with
time cycles of 800 µs.
A time cycle of 800 µs is a problem if a second order estimator is used: as
noticed before in this chapter (see Figure 2.2), if the time cycle is too long the
errors introduced by the discretization may be substantial. This is typically
the case with a 800 µs time cycle: at a rate of 200 Hz, electrical (typical
maximum operating frequency in railway application), one complete rotation of
the rotating flux would be performed in 6.25 time cycles (or 58o per time cycle).
With a second order estimator, the flux is considered constant during the time
cycle and a mean error of 29o (middle of the position) would be performed on
the flux angle. This error would have an important consequence for the current
estimation and therefore for all the estimation of the state of the motor.
In addition, in a railway application, it is relevant to use a stochastic estimator which would deal efficiently with sensor noises and which is more robust.
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Figure 2.6: Rotation of the rotor flux during a time cycle. A second order
estimator would consider that during all the timecycle, the rotor flux would be
in its initial position.
For these reasons and because some Kalman Filters are already implemented
in other parts of Alstom’s drive system, and despite its computational complexity, it has been decided to focus on the analysis of Extended Kalman Filter in
the rest of this master thesis. It is believed that it would be robust enough to
deal with the important time cycles of Alstom’s platform and the few sensors.
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Part II

Extended Kalman Filter
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Chapter 3

EKF description
3.1

Mathematical description of the Extended
Kalman Filter

A brief introduction of the EKF has been done in section 2.2.1.
A physical, non-linear system can be described with the following equations.

ẋ(t)

=

f (x(t), u(t))

(3.1.1)

y(t)

=

h(x(t))

(3.1.2)

In (3.1.1) and (3.1.2), x is the state vector, u and y are the input and
output vector respectively, f is the function of the inputs and states and h is
the function of the outputs.
If an EKF is used to estimate the state of the previous system, it would be
described by equations (3.1.3) and (3.1.4).
˙
x̂(t)

= f (x̂(t), û(t)) + v(t)

(3.1.3)

ŷ(t)

= h(x̂(t)) + w(t)

(3.1.4)

where x̂ is the estimated state vector, û and ŷ are the estimated input
and output vector respectively, v and w are the process and measurement noise
respectively (i.e. the correction terms which makes use of the difference between
the measured and predicted quantities to track the state of the physical system).
The computation of these correction terms is made in two stages, a prediction
stage and a correction stage which are described later in section 3.3.
As an example, if the state variables are isα , isβ , Φrα , Φrβ and ωr , the
induction machine is described with (3.1.5) and (3.1.6).
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(3.1.6)

In (3.1.5), since no information is available for the evolution of the speed,
ωr is considered constant (the line regarding ωr is made of zero in the state
matrix). The correction terms will adjust ωr to allow it to converge to its right
value.
In (3.1.5), the derivative of is and Φr depends on ωr but it is not possible to
express it in terms of a state matrix, without state variables inside, multiplied by
the state vector. Therefore, ωr appears in the state matrix, and this represents
the non linearity of the model.

3.2

Which variables and parameters shall be estimated ?

In section 2.2.3, a discussion has already been done regarding parameter estimations.
The choice of the state variables and the parameters that shall be estimated
in the algorithm is one of the main issues when designing an Extended Kalman
Filter.
On the one hand, a high number of variables and parameters is needed in
order to achieve a good control, since a lot of parameters are varying in an
induction machine in railway applications.
On the other hand, the higher the order of the EKF is, the more computational time is needed to perform the estimation of the state. This may not
be possible when the constraints imposed by the hardware are strong (which
is the case of Alstom’s hardware). Moreover, as stated in [1], the higher order
the EKF has, the less accuracy is obtained on the estimated state. This seems
rather reasonable, since it is difficult to estimate a lot of variables when a few
pieces of information (in this case, information from the stator currents and
filter voltage sensor) are given to the system.

3.2.1

State variables

This choice of the state variables has already been done : a full-order estimator
(i.e. 4th order estimator), with isα , isβ , Φrα and Φrβ as state variables, as
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previously described in equations (2.2.9) and (2.2.10) for the induction machine
model. These four variables are the most common one in vector control of an
induction machine, but it’s also possible to consider a full-order estimator with,
for example, Φsα , Φsβ , Φrα and Φrβ .

3.2.2

State parameters

Regarding the parameters to estimate, the first one is obviously ωr , in order
to have a sensorless control. In (3.1.5), the line for ωr was blank, and thus ωr
was considered constant. It is also possible to add the load torque (TL ) in the
state variables, and to implement a mechanical equation for the calculation of
the derivative of ωr , such as
Np2 Lm
Np2 Lm
Np
dωr
=−
Φrβ isα +
Φrα isβ −
TL
dt
J L Lr
JL Lr
JL

(3.2.1)

which is what is done in the following.
However, for other parameters such as Rs , Rr and Lm , there are no indication of their evolution. It is thus only possible, without further indication, to
have a zero line for them in the state matrix, and their value will be adjusted
by the correction terms.
It is the same situation for TL , which appears in (3.2.1). The line in the
state matrix is left blank. In (3.2.1) the evolution of ωr is mainly depending of
the calculated produced torque (flux multiplied by currents).

3.3

Discretization

When having a continuous system (such as the one of equation (3.3.1)), it is
necessary to discretize it in order to execute it on a computer. This can be done
in several ways. In the following, it is considered that the system is discretized
at times tk (noted k) and tk+1 (noted k + 1), with T = tk+1 − tk the sample
time.
ẋ(t)

=

Ax(t) + Bu(t)

(3.3.1)

y(t)

=

Cx(t) + Du(t)

(3.3.2)

The widely known Euler transformation is the most common one. The
derivative at instant k + 1 is approximated according to equation (3.3.3).
dx
(k + 1)
dt

=

x(k + 1) − x(k)
T

(3.3.3)

After the injection of (3.3.3) in the continuous model, it is possible to calculate the state at time k = 1 from the inputs at time k and the state at time
k.
A more precise transformation is the Bilinear transformation :
dx
(k + 1)
dt

=

2 x(k + 1) − x(k)
T x(k + 1) + x(k)
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(3.3.4)

Equation (3.3.4) is still an approximation, and for large time cycle (or, in this
case, sample time), substantial errors may be performed during the calculation.
It is however possible to calculate exactly the state at time k + 1, without
approximation, using an integration of the continuous system. This is shown in
appendix B.1.
As a reminder, the results of this calculation are shown again here. The
discretized system is
x(k + 1) = Ad x(k) + Bd u(k)

(3.3.5)

y(k) = Cd x(k) + Dd u(k)

(3.3.6)

eT A
Z T

(3.3.7)

with
Ad
Bd

=
=

!
eτ A dτ

B

(3.3.8)

0

Cd

= C

(3.3.9)

Dd

= D

(3.3.10)

In the literature, it is common to see approximations of Ad and Bd , such as
Ad

≈

Bd

≈ TB

I + TA

(3.3.11)
(3.3.12)

or
Ad

≈

Bd

≈

T2 2
A
2
T B + T 2 AB
I + TA +

(3.3.13)
(3.3.14)

with the first one being a first order approximation, and the second one a second
order approximation. Using these approximations is exactly the same as using
the Euler transformation and the bilinear transformation previously described.
However, some issues relative to these approximations shall be underlined.
As above mentioned in section 2.3, the time cycle in Alstom hardware is
relatively important, and thus substantial errors may arise from approximations
in specific operating conditions.
Regarding these difficulties, it appears that it may be interesting to calculate
analytically the expression of eτ A(x̂(k)) , in function of τ and x̂(k), in order to
have an exact expression of Ad and to be able to calculate Bd by integration
of the expression in (3.3.8). These steps are realized in sections B.2 and B.3.
The EKF is then described by equations (3.3.16) and (3.3.17).
x̂(k + 1)
ŷ(k)

=

fd (x̂(k), u(k)) + v(k)

(3.3.15)

= Ad (k)x̂(k) + Bd (k)u(k) + v(k)

(3.3.16)

=

(3.3.17)

Cd x̂(k) + w(k)

As presented in 3.1, the calculation of v(k) and w(k) is based on two stages:
prediction and correction.
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3.3.1

Prediction stage

In the prediction stage, the state vector at step k + 1 is predicted thanks to the
state variables at step k and the inputs at step k. It is thus a prediction of the
state at time k + 1, from the information available at time k (i.e. the values at
time k).
The calculation performed during this prediction stage are :
x̂pred (k + 1)
Ppred (k + 1)

=
=

Ad (k)x̂(k) + Bd (k)u(k)
∂fd
∂x

P(k)
x̂(k)

∂fd
∂x

(3.3.18)

T

+Q

(3.3.19)

x̂(k)

The predicted state vector x̂pred (k + 1) is computed form the system equations, which are able to give a prediction at time k + 1.
Ppred (k + 1) is the state covariance matrix of prediction, it is a measure of
the accuracy of the predicted state at time k + 1.
It is computed from the updated state covariance matrix P(k), the state
T
d
transition matrix ∂f
∂x x̂(k) and the process noise covariance matrix Q.
Ppred (k + 1) is used in the correction stage, to precisely tune the Kalman
gain, and it is then updated from the information available at time k + 1 to give
the updated state covariance matrix P(k + 1) (see next section and equation
(3.3.27)).
Q is a difficult parameter to choose, since it represents the uncertainty of
the process. If it is high, then the algorithm put more confidence in the measurement rather than it’s estimation, the estimation is more depending on the
measurements and the estimation may be noisy. If it is low, then a change
in the measurement will take some time to affect the estimated state, and the
estimation may be too slow.
As shown in equation (3.3.18), the predicted state vector is computed from
the system equations (such as (3.1.5)). As a consequence, if a line in the state
matrix regarding a state variable is zero (this is the case for Rs ), then the
predicted value for this state variable is the same than in the previous step
(Rspred (k + 1) = Rs (k)). The value will be only updated in the correction stage.
The state transition matrix is a bit difficult to calculate and some details
regarding its exact mathematical calculation are given in the following.
∂fd
∂x x̂(k) , the state transition matrix, is a gradient matrix and thus it is easier
to calculate each column rather than the whole matrix, i.e. to determine the
partial derivative of fd with respect to each state variable xi (see (3.3.20)).
∂fd
∂x


=
x̂(k)

∂fd
∂x1

x̂(k)

∂fd
∂x2


...
x̂(k)

(3.3.20)

with
fd (x(k + 1)) = Ad (k)x(k) + Bd (k)u(k)
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(3.3.21)

Considering now one of these state variables xi , the partial derivative of fd
with respect to xi is determined by developing (3.3.21), and thus (3.3.23) is
derived.
∂fd
∂xi

=

∂Ad (k) · x(k) ∂Bd (k) · u(k)
+
∂xi
∂xi

=

∂Ad (k)
∂x(k) ∂Bd (k)
· x(k) + Ad (k) ·
+
· u(k)(3.3.23)
∂xi
∂xi
∂xi

x(k)

In (3.3.23), Ad (k) ·

∂x(k)
∂xi is
∂Ad (k)
∂xi (k)

(3.3.22)

the i-th column of Ad (k).

d (k)
The calculations of
and ∂B∂x
are performed analytically. These
i
calculations are made possible by the previously mentioned analytical calculations of Ad (k) and Bd (k) and by the fact that all the operations (derivation,
integration) are performed analytically on the exact expressions of Ad (k) and
Bd (k). These are detailed in sections B.5, B.6 and B.7 of the appendix.

Thanks to (3.3.23), the state covariance matrix of prediction can be calculated.

3.3.2

Correction Stage

In the correction stage, the difference between the measured outputs y(k + 1)
and the predicted outputs ŷ(k + 1) at step k + 1 is used. It is multiplied by
the Kalman Gain K(k + 1) to compute a correction term that is added to the
predicted vector state x̂pred (k + 1), in order to obtain the updated state vector
at step x̂(k + 1).
To be more explicit, in the previous stage a prediction of the state k + 1 has
been performed. Now, measures of some elements of the state at time k + 1 are
available, and these measures will update the prediction previously performed.
For some state variables that were kept constant during the prediction stage
(such as Rs ), their value will be updated in this correction stage.
The state observation matrix is first calculated in (3.3.24).
∂hd
∂x

=
x̂pred (k+1)

∂Cd x̂
∂x

= Cd

(3.3.24)

x̂pred (k+1)

Using (3.3.24), the Kalman gain is then calculated, from Ppred (k + 1) calculated before in the prediction stage and the measurement noise covariance
matrix R.

K(k + 1)

=


−1
Ppred (k + 1)Cd Cd Ppred (k + 1)Cd T + R
(3.3.25)

R represents the accuracy of the measurements.
In a simplified approach, if R is higher, then the Kalman gain is lower and
the estimation converges slowly with a good immunity to noise. If Q is higher,
then Ppred (k + 1) is higher, the Kalman gain is higher, the estimation converges
quickly but is less immune to noise.
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Then, the updated state estimate is calculated. It is, as underlined before,
an update of the predicted state, computed from the Kalman gain, the difference
between the measurements at time k + 1 (y(k + 1)) and the prediction at time
k + 1 (Cd x̂pred (k + 1)).
x̂(k + 1)

=



x̂pred (k + 1) + K(k + 1) y(k + 1) − Cd x̂pred (k + 1)(3.3.26)

In the next step, x̂(k + 1) is used for the calculation of the state at time
k + 2.
Finally, the predicted state covariance matrix is updated, to give the updated
state covariance matrix.
P(k + 1)

=

(I − K(k + 1)Cd )Ppred

(3.3.27)

P(k + 1) is a measure of the accuracy of the estimated state x̂(k + 1).

3.4

Braided Extended Kalman Filter

Braided EKF is an implementation of the Extended Kalman Filter which was
firstly described in [1]. Instead of using a full Extended Kalman Filter which
would estimate all the state variables and parameters at every step and in order
to not experience the drawbacks mentioned in section 3.2, the authors used two
seven-order algorithms which were executed in sequence:
• The first algorithm was estimating the stator resistance, considering the
rotor resistance constant.
• The second algorithm was estimating the rotor resistance, with the stator
resistance considered as constant.
Some variables were estimated at every step, and appeared in the two algorithms
• Stator currents & rotor fluxes (as part of a full-order algorithm)
• Mechanical speed
• Load Torque
Estimating the load torque is necessary in order to have a mechanical equation for the prediction of the mechanical speed (and thus mechanical speed is
estimated using both correction stage and prediction stage). On the contrary,
stator resistance and rotor resistance were estimated using only the correction
stage.
It is claimed and showed in [1] and [2] that this method allows an accurate speed estimation in a wide speed range under various operating conditions
(such as low-speed operation, stator and rotor-resistance variation, load-torque
variation).
However, in the previously cited articles, no details are given regarding the
discretization.
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Simulation
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Chapter 4

Matlab simulation
4.1

How shall a speed sensorless estimator been
tested ?

Between a real induction motor and its fundamental model, there is a huge gap.
This gap could prevent a speed estimator achieving an high-performance control
in simulation to start in real life conditions. That’s why experimental tests shall
always be preferred to simulations, in order to validate the behavior of a control
algorithm.
But experimental tests are expensive and time-consuming (especially, in railway applications), so sometimes the only available platform is a simulation. It
was the case of this master thesis.

4.2

Simulation setup

Simulations of sensorless estimators took place in Matlab Simulink.
schemes of the simulation can be found in appendix A.

Some

Figure 4.1: Schematic diagram of the simulation setup
The setup contains first a fundamental model of the induction motor, with
all its physical parameters (stator and rotor resistance, magnetizing inductance,
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stator and rotor leakage inductance, moment of inertia and load torque) adjustable at any time. The PWM control was not implemented in the simulation. Thus the voltage vector calculated by the controller was considered to be
directly applied to the machine during the time step.
Concerning the speed estimator, the aim was to use it with an existing
control algorithm, and thus the estimated speed of the estimator was fed to the
control algorithm as if it was the measured speed (see Figure 4.1). The main
reason which lead to this design was that it would have been time-consuming
to develop a completely sensorless control algorithm. Another advantage of this
method is that it’s very simple to switch between the estimated speed and the
measured speed. In case of a train having a speed sensor failure for example, the
control algorithm would be able to switch to the estimated speed and remain
functional with a lower operating mode.
However, one important drawback of this method is that there is a risk
of error propagation between the control algorithm and the speed estimator,
as stated in [14]: if a wrong value of speed is estimated, it may lead to an
incorrect voltage vector calculated by the control algorithm at the next step
and this may worsen the speed estimation. Moreover, since some state variables
(stator current and rotor fluxes) are estimated both in the control algorithm
and in the speed estimator, this design leads to a suboptimal system in terms
of computational time.
The previously mentioned control algorithm, whose purpose is to reach the
desired torque and magnetization, was a prototype of an Alstom’s discretetime controller, PUMA deadbeat, a new version of PUMA (Pilotage Unifié des
Moteurs Asynchrones, unified implementation of asynchronous motors control).
This new version, in comparison to the previous one, extended the dead beat
control of torque and rotor flux to all the speed range.

Figure 4.2: PUMA deadbeat behaviour
This controller is given the desired torque and magnetization at a time k,
the state of the motor (current from sensors) also at the time k, do a prediction
of the state of the motor at time k + 1 (motor speed is considered constant),
calculate the voltage vector to apply to the motor at time k + 1, and apply
it from time k + 1 to time k + 2, in order to reach the desired torque and
magnetization at time k + 2 (see Figure 4.2). The control is thus a 2-cycle dead
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beat control. If the desired state is not reachable after the second step because
of currents limitations, then a strategy is used, to reach the desired state in the
fewest number of steps.
Figure 4.3 illustrates the order of the different calculations performed by the
speed estimator and the control algorithm.

Figure 4.3: PUMA deadbeat behaviour
As seen in figure 4.3, between time k − 1 and time k, the speed estimator
estimates the speed at time k − 1, and then give this value to the control algorithm. The control algorithm considers this value to be constant between time
k and k + 1, and thus the value of the speed considered by the algorithm is
late of two cycles. This can have some consequences since the speed can vary
quickly in railway applications, for example during a wheel slip.
A typical value of electric frequency acceleration at the beginning of a wheel
slip is 10Hz/s, thus with a time step of 3ms for the speed estimator, the electrical speed can be wrong of 2 · 0.003 · 10 = 0.06Hz. This can represents 6% of
a typical motor slip (1Hz, electrical), and thus brings an error on the produced
torque of 6%.
This is another drawback of using a speed estimator separated from the
control algorithm.
To implement the speed estimator described in later sections, the per-unit
representation has been used. This is of important matter, when dealing with
values of different magnitude, as described in [14]. As an example, when a statespace representation is used to represent the induction motor, if the per-unit
representation is not used, then the state matrix will likely contain elements of
different order of magnitude and it may bring calculation errors or inaccuracies
when the matrix will be inverted.

4.3

Asynchronous implementation ?

In section 3.3, the EKF was discretized and it has been considered that the
input of the algorithm, the voltage vector, was constant during each time step.
This is often done in a discretization, for the sake of simplicity. It is valid if
the applied voltage is effectively constant during each time step or if the sample
time is negligible compared to the rate of evolution of voltages when they are
sinusoidal.
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In modern railways application, PWM are used to apply the voltage to the
induction motor. PWM apply constant voltages, so it may be appealing to let
the estimator works synchronously with PWM switching frequency, but since
the switching frequency is high, it would require a lot of computation. It is thus
not feasible.

Figure 4.4: Example of a PWM modulation
That’s why the input of the algorithm is considered to be the voltage vector.
The estimator works then synchronously to the control algorithm, since one
voltage vector calculated by the control algorithm is used by the speed estimator
at every cycle. The speed estimator requires additionally, at every time step,
one measure of the stator current in order to compare the predicted current and
the measured current. This case, where the speed estimator requires during a
time step one voltage vector and one measure of the stator currents, will be
defined as the synchronous case.
It is however possible to imagine a more general case, where it would not be
possible to have one measure of the stator current at every time step of the speed
estimator (or the measure of the stator currents would not be synchronized to
voltage vector calculations). Since the EKF is forced to be synchronized to
current measurements (at every execution, the prediction is compared to one
measurement), then in this general case, several values of the voltage vector may
be applied during one time step of the speed estimator (see Figure 4.5). This
general case will be defined as the asynchronous case, with a control algorithm
and a speed estimator working asynchronously.
Since several values of the voltage vector needs to be considered, discretization of the EKF algorithm will be slightly different from the one performed in
section 3.3. Some details can be found in appendix B.8.

4.4

Some parameters of the simulation setup

The parameters of the simulations are taken from the MF2000, a steel-wheeled
EMU (Electrical Multiple Units) which has been produced by a consortium
composed of Alstom, Bombardier, Technicatome and CSEE. This train is used
by the RATP on Paris’s metro system. Each bogie is equipped of two induction
motors, which are converted to the single induction motor of the simulation.
In table 4.1, some important parameters of the simulations are detailed.
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Figure 4.5: Speed estimator asynchronous of the control algorithm
Parameter
Nominal line voltage
Nominal currents
Nominal torque
Nominal magnetization
Stator resistance
Rotor resistance
Magnetization inductance
Stator leakage inductance
Rotor leakage inductance
Pole pairs

Value
750
2000
800
1.32
6.15 · 10−3
1.65 · 10−2
3.0 · 10−3
9.975 · 10−5
6.650 · 10−5
2

Unit
Volt
Ampere
Newton meter
Weber
Ohm
Ohm
Henry
Henry
Henry

Table 4.1: Simulation’s main parameters
In the following, real values of the parameters always refer to these values.
When a parameter is considered to be 10% wrong, then it is an error of 10% on
these values.
It is also important to notice that in all the simulations of this master thesis,
a white noise has been introduced on the current sensors, in order to reflect a
typical noise that can be observed on real current sensors. This white noise has
a typical amplitude of 10 A. At low torque and magnetization set points, this
noise can be prominent, like in real induction motor.

4.5

Influence of the exact Kalman Filter

As described in section 3.3, it has been chosen in this master thesis to use
an exact discretization of the Extended Kalman Filter, as opposed to the use
of an approximate discrete model. It is shown here that this choice improves
substantially the behaviour of the speed estimator in some operating conditions.
To underline this improvement, several simulations are performed with differ31

ent implementations of the Extended Kalman Filter. For the sake of simplicity,
all these versions are not braided, they estimate only Rs and ωr . They use the
asynchronous version.
1. The first version implements a second-order discretization of both the
prediction part and the correction part of the EKF.
2. The second version implements an exact discretization of the prediction
part and a second-order discretization of the correction part.
3. The third version, the exact EKF, with an exact discretization of both the
prediction part and the correction part.
For this comparison, second-order discretization has been chosen because
it is close (although lower), in terms of computational time to the exact discretization. With a third-order discretization, the important number of matrix
products and additions would lead to an unreasonable computational time.
It is important to underline that in the exact EKF, most of the complexity
is due to the exact correction, but the prediction part is the one whose accuracy
is the most critical. The second version is thus a compromise between accuracy
and computation time.

Figure 4.6: Chosen operating condition for the test
The chosen operating condition is a wheel-slip start, followed by a the recovery (see figure 4.6). It is performed at several motor speeds. The wheel slip
behaviour has been developed thanks to a simple friction model given by Eric
Bonin. The anti-slip reaction has been developed in the same way than normal
anti-slip system: when the slip is detected (after a small delay), the torque setpoint is quickly reduced to 0 and stay at that value until the wheel-slip end.
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(a)

(b)

Figure 4.7: Comparison of three implementations of the EKF at 20 Hz, electrical

(a)

(b)

Figure 4.8: Comparison of three implementations of the EKF at 100 Hz, electrical
The anti-slip system then slowly increase the torque setpoint in order to reach
the normal state, before the appearance of the wheel slip.
In the test, the torque setpoint is set to twice the nominal torque (2 ·
800 N.m), in order to see a slip of the wheel. This test is very challenging
for the control since during a wheel slip, the motor speed suddenly increases,
and the speed estimator has to quickly follow this increase in order to keep
an accurate torque. At the end of the wheel slip, the speed suddenly stops to
decrease to remain constant, and in this situation of recovery it is also difficult
for the control algorithm to produce the required torque.
The three previously mentioned implementations of the EKF are tested on
motor speed and stator resistance estimation accuracy. The results are shown
in the following figures.
It appears that the improvements brought by the use of the exact EKF are
important at high speeds (since the effects of linearisation are sensible at high
speeds), for both stator resistance and motor speed estimation, but negligible at
low speeds. When the rate of evolution of the motor speed is important, during
a wheel slip for example, it is also interesting to use the exact EKF.
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The second implementation, with an exact discretization of the prediction
part and a second-order discretization of the correction part gives interesting
results at high speed although worse than the exact EKF. It underlines that,
as stated before, an exact calculation of the prediction part is more important
than an exact calculation of the correction part.
This underlines that using the exact EKF is a relevant choice.

4.6

Rs and Rr estimator behavior

As stated previously, the braided EKF has been implemented according to its
description in [2]. However, the nomenclature and the equations used are taken
from [14].
It has first been tested how both estimators where performing when they
were used separately. As an example, in Figure 4.9 and Figure 4.10, the Rs
estimator is tested, with a Rs value in the motor decreased by 10%. These test
have been performed in closed loop (the control algorithm uses the estimated
speed and stator resistance). During this simulation, a wheel-slip is performed.

Figure 4.9: Rotor flux, torque and motor speed
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Figure 4.10: Stator resistance
In this simulation, high gains are used relative to the estimation of Rs to
underline its stability.
It appears from Figure 4.9 that the control is appropriate and from Figure
4.10 that the Rs estimation quickly converges to the real value at the beginning, and then remains stable around the real value, even during a challenging
situation such as a wheel slip, where the error is less then 10%.
However, when same tests have been performed for the Rr estimator, the
behavior was not the same.
It appears that during a constant magnetization situation, the Rr estimator
is diverging, and so does the speed estimator. However, this does not disturb
the control algorithm which keeps producing a satisfying torque and rotor flux.
The explanation of this was found in [14] (p 425): when the rotor flux is
in steady-state (rotating at constant speed and of constant magnitude), it is
impossible to distinguish between the rotor resistance and the slip frequency,
and only the ratio of the rotor resistance and the slip frequency can be estimated.
This can be simply proven taking equation (2.2.2).
dΦr
= jωr Φr − Rr · ir
dt
In steady-state,
0

dΦr
dt

=

(2.2.2)

= jωs Φr , with ωs the stator frequency, and then

j(ωs − ωr )Φr + Rr · ir = jωslip Φr + Rr · ir

(4.6.1)

with ωslip being the slip frequency, i.e. the frequency of the current in the rotor.
Then, knowing Φr and ir , it is not possible to distinguish between ωslip and
Rr , and thus they both diverge.
However, it is not really a problem for the control algorithm, because in
order to produce the required torque and magnetization, it only needs the ratio.
When the flux is varying, for example during the magnetization or during
the wheel-slip, then both rotor resistance and motor speed converge to their
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Figure 4.11: Rotor flux, torque and motor speed
real values, as shown in Figure 4.11 and 4.12. Changes of magnetization are
relevant moments for rotor resistance estimation.
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Figure 4.12: Rotor resistance

4.7

Introduction of the Lm estimator

An other problem was quickly identified: after some tests to investigate the
immunity of the estimators to motor parameter variations, it has been found
that the Rs estimator was very sensitive to wrong values of Lm . For errors of
Lm bigger than few percents, the Rs estimator is diverging (see Figures 4.13
and 4.14, which are executed with the same parameters as in Figures 4.9 and
4.10, but the magnetization inductance is 10% wrong).
A minimum value has been implemented in the algorithm which explains
the shape of Figure 4.14 at the bottom of the curve.
In Figure 4.14, the estimation clearly diverges (it can be smoothen with
smaller gains) and it has substantial consequences on the control (see Figure
4.13).
It has thus been decided to develop a Lm estimator which is more complex
than the previous ones since the Lm term appears more than the other ones in
the state matrix, causing more calculations (see appendix).
At that moment studying the system which has three possible estimators,
each one having a dependency over other motor parameters, started to become
complex and a reflexion was made in order to do a general analyse of it. The
procedure and the results are shown in section 4.8.
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Figure 4.13: Rotor flux, torque and motor speed

Figure 4.14: Stator resistance
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4.8

Precision in steady-state

In the previous parts, the braided EKF originally proposed in [1] has been
extended in order to include another estimator: in addition to Rs and Rr ,
an estimator of Lm has been proposed. It has also been showed that, for a
particular estimator, the estimation is more accurate in some specific situations
(or states). It appears thus that some kind of a design strategy shall be used
: depending of the situation, one of the three previously mentioned estimator
would be better to use. Using the three algorithm in a braided way, one after
the other, would give poor results.
However, each estimator is depending on a lot of variables (Multiple Input
Multiple Output system), and it is difficult to study completely the precision,
the stability and the dynamics in all situations.
It has thus been chosen in this master thesis to focus on static precision: in
order to know if an estimator is accurate or not in a particular situation, the
static precision of the estimated parameter is measured.
A situation is represented by the following parameters :
• A specific fixed motor speed (from 0.01 Hz to 100 Hz, mechanical)
• An error (the value considered by the algorithm is from −50 % to 100 %
wrong with respect to the value simulated in the motor) relative to a
specific variable (Rs , Rr , Lm , filter voltage U )
• A specific operating condition (magnetization of the rotor, rotor magnetized and zero torque, rotor magnetized and nominal torque)
Each estimator is tested in each previously mentioned situations (each situation has been simulated), and the precision of its estimated variable is measured.
The aim is to test these estimators in the maximum number of possible situations. All these simulations are represented on three-dimensional plots (see
Figure 4.16 to 4.28), and analysed in order to derive a general law on how to
use the estimators.
Of course, in proceeding this way, some situations have not been tested: the
case where two variables are wrong and an other one is estimated has not been
tested for example. In a more concrete way, this could be a situation where Rs
and Rr are wrong and the estimator estimates Lm . As stated before, the system
we are dealing with is a multiple input multiple output system, and thus there
is no perfect way to estimates their accuracy. The procedure which has been
chosen here seemed relevant in the situation of this master thesis.
Rs , Rr , Lm has been chosen to test the effect of a wrong value because their
real values can change a lot in operating conditions, because of temperature and
frequency variations. The filter voltage U has been added because the voltage
sensor frequently have an offset (but limited to 3 %, so the error simulated in
some situations is not realistic). Sensor currents are more accurate and the
noise considered before on sensor currents is still used in these tests.
In addition to the Rs , Rr and Lm estimators (which estimates also jointly
ωr ), an estimator of ωr only is also considered (which is thus a sixth order
estimator), in order to see the influence of wrong parameters on the speed
estimation.
The three-dimensional plots of Figure 4.16 to 4.28 contain a lot of information but it is a bit hard first to read it. The x-axis is the speed of the situation,
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Figure 4.15: Colorbar (in %) considered in Figure 4.16 to 4.28
with a logarithmic scale. This logarithmic scale is used in order to be able to
equally represent the low speeds and the high speeds ranges. The y-axis is the
error on one of the variable, in linear scale, and the z-axis is the error of the
estimator, in logarithmic scale. This last information is also provided by the
colour of the curve (see figure 4.15 in %).
If the error is more than 10 %, the corresponding colour is red. For errors of
few percent, the colour is blue. It is also important to underline that in some
cases, the error (in %) is significantly larger than 10 % (sometimes 103 % or
104 %), but since the colorbar is saturating at 10 %, it is still represented in red.
Readers may also be interested to know that when some points of the threedimensions curves are missing, they correspond to numerical errors during the
simulation (for example when the initial error on a parameter was too large).

4.8.1

Rs estimator

Figure 4.16 represents the estimation error of the Rs estimator during the magnetization of the rotor, with respect to errors on Rs , Rr , Lm and U (respectively
Figure 4.16a, 4.16b, 4.16c and 4.16d).
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(a) Rs simulated error

(b) Rr simulated error

(c) Lm simulated error

(d) U simulated error

Figure 4.16: Error on Rs estimation, during a rotor magnetization
Figure 4.16a is mostly blue. This is something expected in every situation
: if an error on Rs is introduced and the other parameters are correct, then
the estimation of Rs will not be influenced by this error and it will estimate
accurately. Thus, the estimator of Rs is working. It shall be underlined that at
high speeds (bottom of the graph), the estimation of Rs appeared less accurate,
which is what was expected, since Rs has more influence at low speeds.
The estimation of Rs is very sensitive to errors of Rr , Lm and U during
the magnetization of the rotor (see Figure 4.16b, 4.16c and 4.16d) and accurate
values of these parameters are needed to perform an accurate estimation of Rs
(this correspond to the blue gap in each figure, where the error is 0 %). It
seems thus that there may be better situations for estimating Rs than during a
magnetization.
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(a) Rs simulated error

(b) Rr simulated error

(c) Lm simulated error

(d) U simulated error

Figure 4.17: Error on Rs estimation, with a magnetized rotor and a zero torque
Figure 4.17 shows interesting results for estimating Rs when the rotor is
magnetized and the torque set point is zero. The dependence to U is however
still high. Compared to Figure 4.16, the estimation of Rs seems less dependent
of Rr and Lm errors at very low speed. As seen in section 4.7, the dependence
of Rs to Lm is strong, and in Figure 4.17a it is shown that at very low speed,
when the value of Lm is overestimated (i.e. the real value is below the value
considered by the algorithm) the estimation of Rs is still accurate.
To underline this, a simulation has been performed (see Figure 4.18) with
the following characteristics:
• The motor speed is 0 Hz (such as during a start-up)
• Lm is overestimated of 20%
• Rs estimation starts with its appropriate value
• The estimator used estimates Rs and wr
In Figure 4.18, a normal start-up is simulated (magnetization, then nominal
torque), and after that a set point of zero for the torque is given. It appears
clearly in Figure 4.18b that between 2 and 3 seconds, when the set-point of the
torque is zero, the stator resistance estimation converge quickly to its real value,
showing an interesting behaviour. In the meantime, however, the error on the
produced torque is substantial, as showed in Figure 4.18a, probably because of
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(a) Rs simulated error

(b) Rr simulated error

Figure 4.18: Rs estimation during a start-up, with Lm overestimated
the wrong value of Lm and a wrong speed estimation. This underlines that to
use this point, the estimations of Rs and wr shall be performed separately. This
point will be noticed later, when dealing with the estimation strategy.

(a) Rs simulated error

(b) Rr simulated error

(c) Lm simulated error

(d) U simulated error

Figure 4.19: Error on Rs estimation, with a magnetized rotor and nominal
torque
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Figure 4.19 doesn’t show interesting results for Rs estimation since the dependence to Lm seems more important than in Figure 4.17c. However it may
be usable if others parameters are known to be rather correct.

4.8.2

Rr estimator

Figures 4.20, 4.21 and 4.22 show the estimation error of the Rr estimator during
the magnetization of the rotor, a situation where the rotor is magnetized and the
torque set point is zero, and a situation where the torque set point is the nominal
torque, respectively. It has been seen before in this report that the estimation
of Rr was rather challenging in some situations, and this is illustrated below.

(a) Rs simulated error

(b) Rr simulated error

(c) Lm simulated error

(d) U simulated error

Figure 4.20: Error on Rr estimation, during a rotor magnetization
Regarding the situation where Rr is estimated during the magnetization
(see Figure 4.20), the reader may notice first that when an error is introduced
initially on Rr , it seems to have little consequences on the estimation of Rr (the
error never exceeds 1 %) which means that the estimation of Rr is effective.
Dependence to Rs and Lm is quite low (the width of the gap is important), and
at high speeds the dependence to Rs disappears. However, the dependence to
U is very strong at every speed.
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(a) Rs simulated error

(b) Rr simulated error

(c) Lm simulated error

(d) U simulated error

Figure 4.21: Error on Rr estimation, with a magnetized rotor and a zero torque
In both situations of Figures 4.21 and 4.22, results are to a large extent
worser than the situation of Figure 4.20, where the estimation is performed
during the magnetization. In Figures 4.21a and 4.22a it is showed that the
estimation of Rr is sensitive to the initial value of Rr , which is problematic
and in other situations where an error is introduced on other parameters, the
estimation or Rr is not correct (it may converge to an other value or diverge).
This is clearly linked to the problem which is underlined in section 4.6 (the
estimation of Rr is diverging with the speed).
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(a) Rs simulated error

(b) Rr simulated error

(c) Lm simulated error

(d) U simulated error

Figure 4.22: Error on Rr estimation, with a magnetized rotor and nominal
torque
From figures 4.20 to 4.22, it is clear that the best situation to estimate Rr
is the first one, during the magnetization of the rotor. Other situations do not
give accurate estimations.

4.8.3

Lm estimator

It has been showed before that the Lm estimator was rather effective in most
of the situations but that an accurate value of Lm was critical for the other
estimators (see subsections 4.8.1 and 4.8.2). Therefore figures 4.23 to 4.25 are
of important matters since they give indications on when Lm shall be estimated.
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(a) Rs simulated error

(b) Rr simulated error

(c) Lm simulated error

(d) U simulated error

Figure 4.23: Error on Lm estimation, during a rotor magnetization
Figure 4.23a shows clearly that, during the magnetization, the estimation of
Lm do not depend on Rs estimation as long as the motor speed is greater than
1 Hz. From Figure 4.23b the dependence of Lm estimation to Rr estimation
seems rather low, as long as the error on Rr does not exceed 10 %. The situation
of Figure 4.23c is more worrying, since it illustrates that with a rather false
initial value of Lm the Lm estimator may not converge to the correct value
of Lm . However this case may be avoided if, as it has been said before, the
magnetizing curve for the induction motor is known. This curve would give
a rather correct initial point. Figure 4.23d show that the dependence to U is
moderate. It does not appear on the figure because of the logarithmic scale, but
this dependence is actually linear.
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(a) Rs simulated error

(b) Rr simulated error

(c) Lm simulated error

(d) U simulated error

Figure 4.24: Error on Lm estimation, with a magnetized rotor and a zero torque
The estimation is better when performed after the magnetization, as shown
in Figure 4.24. The estimation of Lm depends less on the initial value of Lm
(see Figure 4.24c) and does not depend of the value of Rr . This estimation is
better when performed at medium and high speeds. The dependence to U is
similar than in the previous case (linear).
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(a) Rs simulated error

(b) Rr simulated error

(c) Lm simulated error

(d) U simulated error

Figure 4.25: Error on Lm estimation, with a magnetized rotor and nominal
torque
Figure 4.25 shows similar performance for the estimation of Lm at rated
torque, in comparison to the previous one at zero torque, for all the parameters.
This estimation seems more efficient at medium and high speeds.
In conclusion, the estimation of Lm is rather accurate when the rotor is
magnetized, whatever the torque is, and it does not depend much of the other
parameters (except U ) which is satisfying.

4.8.4

ωr estimator

As stated before, the speed estimation is of important matter when controlling
an induction motor since it can vary quickly (during a wheel-slip for example),
and a small deviation can have large consequences on the torque. Thus, in the
braided algorithm, the speed estimation is performed at every step and other
parameters are successively estimated (in a braided manner).
In this section, an EKF estimator which is estimating only ωr is analysed
(i.e. a 6th order estimator). In contrary to previous estimators, the purpose of
this analyse is not to choose when the estimation shall be performed, since it
must be performed at any time, it is to see the influence of the other parameters
on the estimation of ωr .
However, the relative error on the speed estimation is not a relevant data
to analyse: at 0.01 Hz, a 10% error is far less critical than a 10% error at
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100 Hz. Sadly, in many articles in the literature, the results regarding steadystate accuracy of speed estimation are shown in percentage of the motor speed.
A 1% error at 100 Hz, which may seems harmless, is indeed critical. It is
more relevant to derive a relative error in comparison to a typical slip (1 Hz,
electrical), since this relative error represents the error induced on the produced
torque. For example, at nominal operation, the motor produces a torque of
800 N m, with a slip of 1 Hz, electrical. Thus, whatever is the speed, if an error
of 0.10 Hz is produced on the estimation of the speed, i.e. an error representing
10% of the nominal slip, then the produced torque is 10% · 800 N.m wrong.
Thus, in Figures 4.26 to 4.28, this relative error on the speed, on the z-axis,
represents an error on the torque. If it is 10 % (red point), then the torque is
wrong of 80 N.m. As a reminder, in railway applications, Alstom’s constraint
on the produced torque states that the error shall always be less than 5 % of the
nominal torque. Thus, in Figures 4.26 to 4.28, situations with a relative error
of more than 5% shall be avoided (or, in colour, yellow, orange and red shall be
avoided).

(a) Rs simulated error

(b) Rr simulated error

(c) Lm simulated error

(d) U simulated error

Figure 4.26: Error on ωr estimation, during a rotor magnetization
The situation of Figure 4.26, with speed estimation performed during the
magnetization of the induction motor’s rotor, shows rather poor results. The
speed estimation seems very dependent of errors on the estimated parameters,
and there are few situations when the speed estimation leads to an accurate
torque. These situations are low-speed and high-speed for Rs and Rr , and high
speed for Lm and U . At medium speeds, it may be difficult to estimate the
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speed, even with slightly wrong parameters.

(a) Rs simulated error

(b) Rr simulated error

(c) Lm simulated error

(d) U simulated error

Figure 4.27: Error on ωr estimation, with a magnetized rotor and a zero torque
The estimation of the speed seems easier after the magnetization of the rotor, since results are better in Figure 4.27. The margin for a correct estimation
of the speed with wrong values of the parameters is larger (around 5-10% can
be accepted for each parameter). This is specially true for Rr and it is rather
normal because the motor is in a zero-torque situation, and thus in the fundamental model of the induction motor, there is no current in the rotor part, and
thus no dependence to the value of the rotor resistance. However, for larger
errors on other motor parameters, the estimation of speed is clearly inaccurate.
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(a) Rs simulated error

(b) Rr simulated error

(c) Lm simulated error

(d) U simulated error

Figure 4.28: Error on ωr estimation, with a magnetized rotor and nominal
torque
The situation in Figure 4.28 gives similar results than in Figure 4.27, except
that the dependence over Rs is weaker and the dependence over Rr is stronger
in Figure 4.28. It appears also that the dependence of the speed over U is linear
(since the z-axis is logarithmic, for a given speed, ∆wr = f (∆U ) is a natural
logarithm curve for a linear dependence, and this is what appears on the three
dimensional curve). The estimation of speeds seems reasonable in this situation,
if errors on motor’s parameters are small.
To conclude on the speed estimation, Figures 4.26 to 4.28 underline how
crucial it is for the speed estimation to have accurate estimations of the parameters.

4.9

Determination of initial values of parameters

The initial values are of importance when using an estimator. If the initial
values are not accurate, they may disturb the normal operations, and lead to
steady-state errors on torque and flux. In some case, they may even cause the
estimator to diverge.
It has been showed in the previous section that depending on the situation,
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the estimators may be more or less dependent to other parameters. The aim in
this section is to find a way to start the normal operation with accurate values
of all the estimated parameters. Parameters which starts with false values shall
quickly converge to real values, before the nominal operations.
In railway applications, the problem of starting with wrong parameters can
occur in the two following situations:
• When the rotor flux set point is zero, then the information of the speed
given by the current sensors vanishes. At that moment, the EKF starts
to de-tune and the estimated parameters (including speed) irreparably
diverge. If, later, the rotor flux set point is increased, then the EKF
algorithm will start with wrong values of these parameters. One simple
way to handle this case is simply to stop the estimation when the rotor
flux set point is zero, but if the speed change at that moment, or if the coil
of the motors are cooled down (and thus resistance decreases) the solution
will not be effective.
• In case of a so-called inverter reset the power get down, the embedded
system reboot and at start-up the system must start with generic initial
values of the parameters which may be totally different from the real ones.
The speed estimation is first investigated since it is the most crucial for the
operation and then other parameters are studied.

4.9.1

Determination of the initial speed

At the motor start-up, when the rotor-flux set point is changed from zero to
another value, the control algorithm tries to produce a rotating field with the
exact speed of the rotor in order to magnetize it (without producing torque). If
the speed of the rotor is not accurately known, then the rotating field created do
not rotate at the same speed than the rotor (the slip is non-zero) and a torque
is produced. This creates immediate disturbances in the current and it takes
some time for the algorithm to re-tune to the speed real value. After that, the
estimator is in normal operations and the torque set-point can be increased.
Thus, the initial speed considered by the estimator is of important matter
in the braided EKF algorithm. If the initial speed considered is far from being
the real one, then the estimator may have important transients during the magnetization leading to drifting and disturbing torque. In some conditions, with a
large initial error, the estimator may even diverge.
It may seem obvious to underline that if a speed sensor (of the whole train,
such as a radar) is available on the train, then using it to have a rough estimate
of the initial motor speed to consider would bring a great improvement during
the transients. In the following, it is considered that this information is not
available.
To solve this problem, it has been tested in this master thesis how the initial
speed influence the transients, in order to see if there is an optimal initial speed,
which would reduce transients duration in every situation (i.e. at every speed)
at start-up, during the convergence of the estimator to the real speed.
Several simulations have been performed and several value of the magnetization levels have been tested.
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(a) Rotor magnetized at 100%

(b) Rotor magnetized at 30%

Figure 4.29: Mean error on produced torque after reset
Figure 4.29 and Figure 4.30 shows the result of several simulations after an
inverter reset. In one figure, for example Figure 4.29a, the x-axis is the real
mechanical speed of the motor, the y-axis is the initial value of speed which
has been considered by the estimator, and the z-axis is the absolute value of the
mean torque that has been produced during the magnetization (normally, during
the magnetization, the torque set-point is zero, thus if a torque is produced it
is an error). The colorbar shows a range of torque, from less than 10 N.m in
blue to more than 100 N.m in red. On the diagonal, when the initial speed
considered is equal to the real speed, then the estimator is in normal operation,
and no error is measured on the torque.
It has also been tested if the rotor magnetization has an effect on the mean
torque level, and this parameter has been changed between Figures 4.29a, 4.29b
and 4.30a. The rotor magnetization obviously has a great impact on the mean
error on produced torque. In Figure 4.30a, the maximum error is 40 N.m and
this corresponds to the maximum error in Alstom’s constraints; thus it seems
quite reasonable to consider fluxing the motor at a this level, let the speed
estimator converge to its true value and then change the rotor flux set point to
its nominal value (see Figure 4.31. However, since the magnetization level is
lower it is more sensitive to noise and the estimator converge slowly to it’s real
value.
For the problem of the initial speed, Figure 4.30a do not give an optimal
answer. An optimal point would give, for a specific initial estimator speed, low
mean produced torque at every speed. However, Figure 4.30b gives an interesting result. Some points do not appear on the curve, which means that the
estimator has not converged (i.e. the control algorithm has failed to magnetize the rotor with the given initial considered speed). It seems that having an
overestimated initial speed is easier to handle for the algorithm than an underestimated initial speed, and that the only initial speed which could guarantee a
magnetization of the rotor at every speed (and specially at the maximal speed)
is the maximal speed.
Of course, the magnetization of the rotor at maximal speed (100 Hz, mechanical) is an unrealistic situation but if a maximal speed at which a magnetization can be required is defined, then it makes some sense to take this value
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(a) Rotor magnetized at 10%

(b) Rotor magnetized at 10%, seen from above

Figure 4.30: Mean error on produced torque after reset
as the initial speed considered by the algorithm.

Figure 4.31: Magnetization strategy at start-up

4.9.2

Design of an estimation strategy for motor parameters at start-up

It has been showed in section 4.8 that there were favourable situations to estimate motor’s parameters and that their estimation was crucial for an appropriate wr estimation in steady-state. As a matter of fact, these results also show
that it is utopian to think that it can be possible, at every moment, to estimate
all the parameters with so few sensors on the train (two current sensors, and
one voltage sensor for the filter voltage).
In order to estimate successively different parameters, the situation will need
to change frequently. There is one moment where the situation is evolving a lot:
at start-up. But the order and the succession of estimators is important: some
estimator requires accurate values of other parameters to produce an accurate
values. Therefore, in order to palliate wrong initial values of parameters, an
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estimation strategy at start is investigated. This can be complementary to the
one illustrated in Figure 4.31.
This estimation strategy at start-up is described here.
Rs estimation
From Figure 4.17, Rs shall be estimated at very low-speed, when the rotor is
(totally or partially) magnetized, and the torque set point is zero. In a normal
start-up, in a subway for example, this situation does not exist. Indeed, starting
from a situation of stop (with rotor flux and torque set point at zero), when
the subway driver push the acceleration button, the rotor is quickly magnetized
(the rotor flux set point goes from 0 to nominal in about 200 ms) and after that
the torque set point is immediately increased. In order to be able to estimate
Rs , then a delay shall be introduced between the moment when the flux reaches
its nominal value and the moment when the torque set point is changed from 0
to nominal value.
In the strategy from Figure 4.31 is used, then the time during the intermediate plateau, when the motor is partially magnetized and the torque set point
is zero, can be used to estimate Rs .
Rr estimation
It has been showed in section 4.8 and Figure 4.20 that the best moment to estimate Rr is during the magnetization, or more generally during a flux change.
The criterion can be a threshold for the derivative of the estimated flux. However, in Figure 4.20a, it is showed that a relatively accurate value of Rs is needed
first to estimate Rr , in the other case the estimated value of Rr may be wrong.
This, in addition with the fact that Rs do not depends of Rr at very low speeds,
is the reason why Rs should be estimated first. In Figure 4.31, this means that
Rr is only estimated during the second change of rotor flux set point.
Lm estimation
As seen in Figures 4.24 and 4.25, the best situation to estimate Lm is when the
rotor is magnetized, whatever is the torque set point, and at medium and high
speeds. Thus, during a start-up, Lm is the last parameter which is estimated.

4.10

Determination at nominal operation

Rs estimation
At nominal operation, the results regarding Rs estimation were bad (see Figure
4.19), specially because of errors on Lm (see Figure 4.19c). Thus, it is not
reasonable to estimate Rs at nominal operations. One way of estimating it can
be to put the torque set point to 0, which was the favourable case for Rs , but
this can affect considerably the operation (if the train is in a hill for example).
Therefore this shall be avoided.
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Rr estimation
Since a flux change happens only during a start-up or a stop, this avoids an
estimation at nominal operation. It shall then be considered to add some quick
variation of the flux set-point during nominal operation, of low amplitude (such
as 10%), in order to allow an estimation of Rr during few cycles. These variations shall not disturb the operation of the motor.
Lm estimation
Nominal operation is favourable for estimating Lm (see Figure 4.25) at medium
and high speeds.
However, Lm changes mainly in the field weakening region when the magnetization is changed and for low variation of operation, when the magnetization
is constant, there is no need to estimate Lm continuously.

4.11

Which railway application ?

It has been showed in the previous section that at nominal operations, some parameters can not be efficiently estimated (for example Rs , which depends a lot
of Lm at nominal operations). Thus, a sensorless estimation can be effective for
railway applications where the operation is changing a lot. The typical application is subway or regional trains where the rate of stop, magnetization, torque
change, is important and where the estimation strategy at start-up previously
introduced in section 4.9 can be used. In these applications, the estimation of
motor’s parameters will benefit from the frequent change of situations.
For high-speed trains or freight transportations, where distance and time
between two stops can be particularly high, it seems unreasonable to use a
sensorless estimator in the conditions of these master thesis.

4.12

Example on a start-up

The sequence of estimation which is performed during a start-up, according to
the rules previously defined, is shown in Figure 4.32.
1. The given initial value of motor speed is most of the time wrong. At first,
when the rotor flux is increased, the ωr estimator is used to converge to
the real motor speed. At that time, the induction motor has been partially
magnetized.
2. After that, the situation is favourable for the first estimation of Rs , to
correct its value, and this is performed.
3. At that moment, it is time to finish the magnetization of the motor, and
since a relatively accurate value of Rs has been reached in the previous
stage, the first estimation of Rr is performed, during the final magnetization.
4. The rotor is now magnetized at its nominal value, the torque set point is
zero, it is again a favourable situation to estimate Rs .
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Figure 4.32: Illustration of the estimation strategy during a start-up
5. The torque set point is set to the nominal value.
6. When the nominal value of the torque is reached, it is time for the first
estimate of Lm .
7. A small variation of the magnetization is produced at 2.5 s to allow an
other estimation of Rr during normal operation.
8. After that, we come back to the estimation of Lm .
During all these steps, ωr is estimated continuously since it is a critical
parameter for the control of the induction motor.
This sequence is tested on a 6 s simulation to validate the interest of this
strategy with the following initial values and evolution of the parameters.
• The initial real value of the motor speed is zero, but the estimator is fed
with a value of 40 Hz, electrical.
• The real value of Rs is 50% greater than the initial value of the algorithm,
and it increase after the start-up.
• The real value of Rs is 50% greater than the initial value of the algorithm,
and it increase after the start-up.
• The real value of Lm is 10% greater than the real one.
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Figure 4.33: Rotor flux, torque and motor speed
The initial values considered are rather far from the real ones in order to
show the robustness of the estimation.
The results of the simulation are shown in Figures 4.33 and 4.34.
In Figure 4.33, the speed quickly converges to its real value and the torque
transients resulting from this are of order 100 N.m. Then the estimation strategy is used to estimate, successively, Rs , Rr and Lm . After 2 seconds the train
has reached normal operation, all of them have been accurately estimated and
the train reached normal operation. But before that, an offset on the torque
can be seen, resulting from an offset on the rotor flux which is directly linked
to the wrong estimated value of Lm . This offset is problematic, because with
an initial estimation of Lm higher than the real one (opposite case from the one
shown here), the torque would be lower than the set point and the train may
not move.
It is also shown that frequent changes in magnetization level (such as the
one at time t = 2.5 s) are efficient in providing an accurate estimation of the
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Figure 4.34: Stator and rotor resistance, magnetization inductance
continuously varying rotor resistance value. But no solution have been found to
estimate continuously the stator resistance and this would be highly problematic
for a real speed sensorless estimation.
Another simulation is performed, with the following parameters, which are
the inverse of the previous simulation :
• The initial real value of the motor speed is zero, but the estimator is fed
with a value of 40 Hz, electrical.
• The real value of Rs is 33% smaller than the initial value of the algorithm,
and it increase after the start-up.
• The real value of Rs is 33% smaller than the initial value of the algorithm,
and it increase after the start-up.
• The real value of Lm is 5% smaller than the real one.

60

Moreover, a wheel slip is simulated at time t = 4 s, in order to see if the algorithm is still stable during this challenging operation, and how the estimation
reacts to it.
The results of the simulation are shown in Figures 4.35 and 4.36.

Figure 4.35: Rotor flux, torque and motor speed
The behaviour of the estimator is similar to the previous simulation. The
transients at the beginning are of the same order, 100 N.m. After two seconds,
all the estimated variables are close to their real values. It seems also that the
control algorithm is robust to the wheel slip which is also very challenging as
explained in previous sections.
As a conclusion, the behaviour of this control algorithm, with respect to the
limitations of this simulation seems interesting. The implementation of an estimation strategy is efficient in estimating appropriately all the main parameters
of an induction motor, from a situation where they are unknown or substantially
wrong. Moreover, the control algorithm is able to handle complicated situations
such as a wheel slip at very low speed.
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Figure 4.36: Stator and rotor resistance, magnetization inductance
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Chapter 5

Simulation on SITRA 1
5.1

Introduction to SITRA 1 simulator

SITRA 1 is the first generation of SITRA simulators. These real-time simulators simulate the induction machine and power electronics, and are used to
test complete traction control (both software control and hardware control) in
conditions close to the reality.

Figure 5.1: SITRA 1 simulator
The inputs of the traction control are torque and flux set points from the
supervisor, sensor measurements (current, filter voltage, motor speed) from the
train and the outputs are PWM signals sent to the power electronics of the train
which drive the motors.
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SITRA simulators are of important matters when developing a new traction
control or a new software, since extensive tests (with all operating conditions)
are performed on them and they often allow the discovery of many bugs and
malfunctions, before real tests in railway conditions.
Noticeable features of SITRA 1 are :
• Real-time
• Simulation of power electronics behaviour (dead-time effect)
However, one of the main feature which is not simulated is saturation of the
inductances. This effect shall not be neglected on a real induction machine.

5.2

Simulation purpose

During this master thesis, a speed estimator has been developed and integrated
in a control algorithm and it has been extensively tested on Matlab. However,
the Matlab model was simplistic and it is of interest to see how the speed
estimator would behave in conditions closer to the reality. Since SITRA 1
estimator simulates the power electronic, the first purpose was thus to test if
the speed estimation would perform adequately on it. In the Matlab setup,
the voltage vector was considered to be directly applied to the motor, and
with power electronics this is not the case, the voltage vector is converted to a
succession of on and off values for the switches. Since the EKF considers only
voltage vector, it may behave differently with power electronics.
It has been underlined before that Alstom’s control hardware was ageing and
it was not sure that it was capable of executing the developed speed estimation
algorithm. This is an important point because a seventh-order EKF is a very
heavy algorithm and it was the second objective.
On current Alstom’s control hardware, current measurements are synchronized with the control algorithm, which calculates the voltage vector to apply
to PWM. The time cycle of this control algorithm vary (in function of speed
and the type of PWM used) from 800 µs to 3.3 ms. Since the EKF must be
synchronized to current measurements (see section 4.3), then the time cycle of
the EKF would also vary between 800 µs and 3.3 ms. This can be a problem
for several reasons. The first one is that the quality of the estimation would
vary (an estimation performed for a 800 µs period of time is more accurate
than one performed for 3.3 ms). The second drawback is that the processor
load would vary because a fixed number of instructions executed during 800 µs
or 3.3 ms does not bring the same processor load. The solution which was investigated was to use periodic currents which are filtered currents (mean value
during 480 µs) with a periodicity of 1 ms. The speed estimation algorithm
would then be executed in a routine every 1 ms, independently of the control
algorithm. This corresponds to the asynchronous implementation of the EKF,
as described in 4.3. The third objective was thus to test the speed estimator
with periodic currents.
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5.3

Optimization

An important work has been performed on algorithm optimization in order
to reduce the computational time. This work was critical because the EKF
algorithm had several seventh-order matrix operations and it was necessary to
reduce the number of executed instructions.
In order to do that, an extensive search was first performed to identify useless
instructions. As showed in Appendix B, the expressions of the continuous and
discretized state matrix, input matrix and output matrix, and specially their
derivative, contain a lot of zeros and thus a lot of addition, multiplication can be
avoided. The order of operation shall also be carefully selected. As an example,
on a mathematical point of view, (A · B) · X, where A, B are matrices and X is
a vector, is totally equivalent to A · (B · X), but the first one takes much more
computational time than the second one, due to the computational complexity
of the matrix product.
In a second time, the program was adapted to the platform of execution (a
DSP running at 80 M Hz). This consists in reducing the number of conditions
and implement the series of operation in an appropriate way.

5.4

Simulation results

To perform the simulation, the wr and Rs estimator has been used (7-th order
estimator). The setup had the same values as the ones expressed in section 4.4.
The results regarding computational time were good. Since the asynchronous
implementation has been used, the number of instructions depends of the number of voltage vector considered during one time step of the speed estimator
(see section 4.3 and appendix B.8).
Number of voltage vectors
1
2
3

Number of instructions
6722
9376
12359

Computational time
84, 0 µs
117, 2 µs
154, 5 µs

Table 5.1: Computational time results on a 80 M Hz DSP
If the script is inserted in a routine with a periodicity of 1 ms, then it brings
a load of around 154/1000 ≈ 15% in the worst case. Since the load on the
control hardware before the implementation was around 30%, using the speed
estimator would bring an average load of 45%, which is satisfying.

5.4.1

Simplification of the setup

Unfortunately, it has first not been possible to make the estimator work in the
sense that both speed estimation and Rs estimation were diverging. Since there
were to much variables in the algorithm that we decided then to simplify the
setup and to remove some functionalities. Here is the list of what has been done
in order to find a functional speed estimator :
• PWM dead-time was not simulated and fixed to 0.
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• The use of periodic currents was abandoned and it was decided to go back
to normal currents. The use of periodic currents may have been possible
if the estimator was designed for that which was not the case. We thus
lose the advantages of the algorithm being executed in a 1 ms routine.
• Rs estimation was abandoned to focus on speed estimation. The Rs estimation was diverging in every situations.
With these simplifications, a working speed estimation was obtained.

5.4.2

Use in a closed-loop setup

In steady-state, the speed estimation was correct plus or minus 5% of the typical
slip (1 Hz, electrical) which is a rather interesting results. Since the speed
estimation seemed to have an interesting behaviour, it has been tested in a
closed loop where the control use the value given by the speed estimator to
produce the torque. Some results are presented in the following figures, which
are Windaq extractions.

Figure 5.2: Low speed, with a step from 3 Hz to 4.5 Hz, electrical
The time unit of Figures 5.2 and 5.3 is 16 ms per division. In this setup,
the speed of the motor is imposed (i.e. when constant, the load torque is equal
to the produced torque). The first part of these figures shows the speed of the
simulated motor and the estimated speed, the second part torque set-points and
produced torque, and in the third part, in blue, the variation of the predicted
rotor flux (the curve in grey shall not be considered).
The reader shall notice that the rate of these steps are of similar order than
the rate simulated in section 4.5 for wheel slip, which were rather challenging,
compared to real ones. It was not possible to simulate slower change of set-point.
In Figures 5.2 and 5.3, the speed estimator seems however slower to converge
than in section 4.5 and this is due to the fact that smaller gains are used in this
SITRA simulation. This was necessary for very low or zero speed where the
system was less and less stabilized. It was however functional at zero speed.
The behaviour of the speed estimator in Figures 5.2 and 5.3 is interesting but
does not reach the goals of Alstom since a variation of around 8% of the torque
is observed. In less challenging conditions, the criterion would be satisfied.
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Figure 5.3: Low speed, with a step from 4.5 Hz to 3 Hz, electrical

5.4.3

Conclusion

It seems important to underline that these tests are not a validation of a possible
operation in real conditions. Since the simulation has been simplified a lot, the
system which was simulated is far from being the reality.
However, some points have been validated.
• The main subject of concern was if this algorithm would fit in the actual
hardware control. The answer to this question is yes, after an extensive
work on optimization of the code, it definitely fits in and can be executed
in reasonable conditions.
• The algorithm is also functioning with PWM. However, it is likely that
the main reason for the malfunction of the Rs estimator is the PWM and
taken it into consideration (instead of considering only the voltage vector)
is a necessary step to obtain a functional sensorless system.
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Chapter 6

Prospects
It has been previously shown that the system developed in this master thesis was
relevant for sensorless control of Alstom rolling stock and that it was possible
to implement it. However, it has not been proved that it would work on a real
bench test. Here, some methods which has been more or less investigated, but
were not developed because of time limitations are presented.

6.1

Integration of the speed estimator in the
control algorithm

As stated in section 4.2, it would be more interesting to have one control algorithm, in which all the state and parameter variables, including speed, would be
estimated, with the same method. For the following reasons (some have already
been mentioned in section 4.2):
• This would remove the risk of error propagation between the control algorithm and the speed estimator (see [14]).
• State variables such as stator current and rotor fluxes would not be estimated two times (one time in the control algorithm, and one time in the
speed estimator).
• Instead of doing a prediction and then a correction of the speed at time
k (which is currently the case), the prediction at time k would be done
(and used by the control algorithm) between time k − 1 and k, and the
correction, which needs current at time k, performed between time k and
k + 1. Since a mechanical equation is used for the prediction of speed (see
section 3.2), this prediction shall be used by the control algorithm.
• Currently, the input of the speed is the speed estimation or the measure of
speed, depending of the mode that is chosen. These two inputs shall not
be considered in the same way and the behaviour of the control algorithm
shall be different depending of the mode. This can be treated inside the
proposed general control algorithm.
Nevertheless, it needs to completely redevelop the control algorithm; that’s
why it has not been done in this master thesis.
68

6.2

Thermal model

A good indication of the variation of stator and rotor resistance can be obtained
if a thermal model of the induction motor is used. As showed previously, it may
be also necessary for the estimation of Rs which was showed as problematic
in nominal operating conditions. One important drawback would be that the
algorithm would not be any more generic since this thermal model would be
different depending on the train profile and motorisation.
However, few sensors are available on the test bench which was used in this
master thesis (one filter voltage, two stator currents), and thus the information
given by a thermal model would be very valuable. An example can be seen in
[3].

6.3

Consideration of the magnetizing curve

To reduce the computational time and complexity, it may be interesting to not
estimate Lm , and to use only a value taken from a magnetizing curve (see Figure
6.1 for an example).

Figure 6.1: Evolution of Lm in function of the magnetization, for a typical
Alstom’s induction machine
This is justified by the fact that in normal operation, the magnetization
is most of the time constant (except in the field weakening region, where the
magnetization is decreased) and, thus, it is not necessary to constantly estimate
Lm .
But this method suffer from the same drawback than the one previously
mentioned, which is that the algorithm would not be generic and that for each
type of motor this curve shall be measured, recorded and taken into account in
the control.

6.4

Consideration of the PWM

This improvement is rather small but it will surely have a great improvement
for the simulation on the real-time simulator and for the use in real conditions.
Instead of considering the voltage vector which is calculated by the control
algorithm and imposed to the motor by the PWM (see appendix B.8), it can be
more interesting to consider directly the voltage imposed on each phase by the
PWM.
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In order to connect the voltage vector in α, β coordinates and the threephases voltage (Ua , Ub and Uc ), the Concordia transform is used :


Ua (τ )
u(τ ) = C23 ·  Ub (τ ) 
(6.4.1)
Uc (τ )
with
C23

=

r 
2 1
3 0

1
−
√2
3
2

−√21
− 23


(6.4.2)

Then, injected in the equation B.1.5, which is put again here, it is obtained
Z tk+1
e(tk+1 −τ )A Bu(τ ) dτ
(B.1.5)
x(tk+1 ) =
eT A x(tk ) +
tk


Z tk+1
Ua (τ )
e(tk+1 −τ )A BC23 ·  0  dτ
=
eT A x(tk ) +
tk
0


Z tk+1
0
+
e(tk+1 −τ )A BC23 · Ub (τ ) dτ
tk
0


Z tk+1
0
+
e(tk+1 −τ )A BC23 ·  0  dτ
(6.4.3)
tk
Uc (τ )
Since Ua (τ ), Ub (τ ) and Uc (τ ) are either 0 or the filter voltage Vf ilter , it is
possible to calculate 6.4.3. The only information needed is the commutation
times which will affect the interval of each integral.

70

Appendix A

Simulink’s schemes
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Appendix B

Mathematical proof
B.1

Exact discretization of a continuous state
space

In this section, a general state space representation is considered for a linear
system.

ẋ = Ax + Bu

(B.1.1)

y

(B.1.2)

= Cx + Du

The aim is to discretize the previous system, for a numerical implementation,
using an exact method.
The solution of (B.1.1), starting at a time t = 0 with a state x(0), is expressed in (B.1.3) (the reader shall consult [16] for a proof of this result).

x(t)

=

etA x(0) +

t

Z

e(t−τ )A Bu(τ ) dτ

(B.1.3)

0

As a reminder, eM is the matrix exponential, and it is defined in (B.1.4).
Since this series always converge, the expression is well-defined for every matrix.
M

e

∞
X
1 k
M
=
k!

(B.1.4)

k=0

If the state vector is known at a time x(tk ), and needs to be calculated at a
time tk+1 (T = tk+1 − tk is the sampling time), then thanks to (B.1.3) the state
vector at time tk+1 can be calculated.

x(tk+1 )

=

eT A x(tk ) +

Z

tk+1

e(tk+1 −τ )A Bu(τ ) dτ

(B.1.5)

tk

If u(t) is constant, equals to u(tk ) between tk and tk+1 (this issue has been
tackled in 4.3), then it’s possible to get u(tk ) out of the integral in (B.1.5).
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x(tk+1 )

=

eT A x(tk ) +

Z

tk+1

e(tk+1 −τ )A dτ


Bu(tk )

(B.1.6)

tk

The integral can be slightly simplified.
Z

tk+1

e

(tk+1 −τ )A

Z
dτ

T

=

e(T −τ )A dτ

(B.1.7)

eτ A dτ

(B.1.8)

0

tk

Z

T

=
0

The discretized system is then expressed with x(tk ) = x(k), u(tk ) = u(k)
and y(tk ) = y(k).
x(k + 1) = Ad x(k) + Bd u(k)

(B.1.9)

y(k) = Cd x(k) + Dd u(k)

(B.1.10)

eT A
Z T

(B.1.11)

with
Ad
Bd

=
=

!
eτ A dτ

B

(B.1.12)

0

Cd

= C

(B.1.13)

Dd

= D

(B.1.14)

B.2

Analytical calculation of the discretized state matrix

B.3

Analytical calculation of the discretized input matrix

B.4

Analytical calculation of eτ A1

B.5

Calculation of

∂eT A(x(k))
∂xi

B.6

Calculation of

∂eT A1
∂xi

B.7

Calculation of

∂Bd (x(k))
∂xi

B.8

Case of the asynchronous algorithm
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