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Introducción (en Castellano)
El CERN
La Organización Europea para la Investigación Nuclear, más conocida por sus siglas
en francés, CERN, se encuentra situada en la frontera franco-suiza, cerca de Ginebra.
Con algo más de 50 años, es el mayor laboratorio del mundo dedicado al estudio de la
física de partículas. Está formado por 20 países miembros, entre los que se encuentra
España, y 8 observadores cuya relación con el CERN es de colaboración científica.

Ilustración 0-1 Logo del CERN

Al ser una instalación internacional, no está bajo la jurisdicción de Francia o Suiza, y
los idiomas oficiales son el inglés y el francés.

El Gran Colisionador de Hadrones
El Gran Colisionador de Hadrones (Large Hadron Collider, LHC), es un acelerador
de partículas circular, el mayor del mundo, con 27 km de longitud, y situado a 100
metros bajo tierra.
Fue diseñado para validar el modelo estándar de la física, que actualmente es el
modelo más ampliamente aceptado para explicar la materia y sus relaciones. Acelerará
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protones hasta velocidades cercanas a las de la luz, y los colisionará en dos haces de
protones de hasta 7 TeV cada uno. En el momento de escribir estas líneas, las primeas
colisiones en el LHC son una realidad, y aunque hayan sido de una pequeña fracción de
la máxima energía para la que se ha diseñado, ha superado ya al más potente acelerador
hasta el momento, el Tevatrón (Fermilab, Illinois, Estados Unidos), con 0.98 TeV por
haz en 2001.
Para su funcionamiento, varios de los aceleradores con los que ya contaba el CERN,
algunos desde hace décadas, son usados en cadena. Los conocidos aceleradores
circulares, PS (Proton-Synchrotron) y SPS (Super Proton Synchrotron), así como el
acelerador lineal LINAC-2, y todo un entramado de conexión entre los aceleradores. El
LINAC-2 es desde donde se inyectan los protones, y de este van al PS, después al SPS,
y finalmente al LHC. Los protones van ganando energía en cada uno de estos pasos,
llegando al LHC con una energía de hasta 450 GeV por haz.

Ilustración 0-2 Plano esquemático del LHC y sus experimentos
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Sistema de limpieza y colimación del haz
La energía almacenada en el haz de protones llegará a los 350 MJ, mientras que los
imanes superconductores por los que está constituido el acelerador pueden ser
inutilizados con pequeñas porciones de esta energía.
Para evitar esto existe un sistema de limpieza formado por más de 100 colimadores
distribuidos por todo el acelerador. La misión de estos dispositivos es la de frenar las
partículas que de forma previsible o no se aparten del haz más de lo debido.
Los colimadores están formados por barras de un material específicamente
seleccionados para poder recibir estos impactos, como carbono-carbono y grafito.
Dichas barras pueden moverse en el colimador tanto horizontal como verticalmente,
para ajustar la apertura entre las mismas al tamaño deseado del haz.

Ilustración 0-3 Esquema de un colimador

Los colimadores, por la misión que desempeñan, siempre se encuentran en zonas de
alta radiación, con lo que no puede situarse electrónica en las proximidades, ya sea de
control, sensado o de potencia. Por este motivo, y por su precisión en cadena abierta,
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motores paso a paso son usados como actuadores para lograr el citado movimiento de
las barras de los colimadores.
Estos motores deberán situarse por tanto a una distancia considerable de los drives1
que los controlan, de hasta 800 metros. En esta situación, el cable que alimenta a los
motores se comportará como una línea de transmisión al ser la alimentación modulada
en ancho de pulso (PWM). Esto significa que la corriente vista desde el lado del drive
será muy diferente de la que realmente está circulando por el motor. Mientras que en el
motor la corriente tendrá variaciones relativamente suaves, gracias a la inductancia
equivalente, en el lado del drive se observan enormes oscilaciones de corriente de alta
frecuencia, dificultando enormemente el control en corriente. A su vez se dará el caso
dual con la tensión. En el lado del drive la tensión no tendrá grandes oscilaciones, aparte
de las que se provoquen por el modo de alimentación, mientras que en lado del motor
habrá unas enormes oscilaciones que alcanzarán valores incluso mayor que el doble de
la tensión que se introdujo desde el extremo del drive.
Hay pocos drives comerciales que puedan afrontar esta situación, y los que lo hacen,
no logran una calidad en el control aceptable.
Surge de este problema la necesidad de mejorar el control a bajo nivel de la
motorización de los colimadores, dados los ajustados requerimientos del LHC.

Objetivo de éste trabajo
Los objetivos de este proyecto son dos: por un lado mejorar la repetitividad en el
posicionamiento de los motores paso a paso que se usan en los colimadores del LHC, y
por otro reducir las emisiones del sistema, ya que trabajará en las cercanías de muchos
otros dispositivos electrónicos sensibles a dichas emisiones. Aunque no puedan
eliminarse completamente, las especificaciones del LHC exigen que las emisiones de
hasta 18 kHz estén por debajo de un umbral muy acotado, con lo que en la parte de baja
frecuencia del espectro estás deberán ser especialmente atenuadas.

1

Un driver es el dispositivo electrónico al que se conecta el motor y que se encarga del control y la
alimentación del mismo.
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Introduction
1.1 CERN
The European Organization for Nuclear Research (CERN) is situated in the FrenchSwiss border, close to the city of Geneva. It was inaugurated more than 50 years ago
and it is the biggest particle physics laboratory in the whole world. It is composed by 20
member countries, of which Spain is part.

Figure 1-1 CERN logo

1.2 The Large Hadron Collider
The Large Hadron Collider (LHC) is a circular accelerator, the largest particle
accelerator of this kind, with 27 km length and 100 meters underground.
It was designed to validate the Standard Model of particle physics, which is the most
broadly accepted model to describe the matter and its behaviour. It will accelerate
particles to speeds close to the light’s speed and collide protons of up to 7 TeV each.
Nowadays the LHC is actually colliding particles and it is already the most powerful
collider in the world, even in spite that only a fraction of its full power is in use.
For its working all the accelerators at CERN are used in chain. From the LINAC-II, a
linear accelerator that injects the protons into the chain, through the Proton-Synchrotron
and the Super Proton-Synchrotron, to the Large Hadron Collider.
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Figure 1-2 Chain of accelerators at CERN

1.3 Collimation system
The energy stored in the proton beam will reach values up to 350 MJ, while
superconducting magnets of the accelerator might be quenched with a tiny portion of
that energy.
To avoid this there is a beam cleaning system composed by over 100 collimators all
over the accelerator. The aim of these collimators is to stop and absorb the energy from
the particles far from the ideal beam.
Collimators are made of bars of specially selected materials capable of receiving
such impacts, as carbon-carbon and graphite. Those bars are able to move in horizontal
and vertical to adjust the space between them to the beam.

10

Introduction

Figure 1-3 Collimator layout

The collimators, for the work they perform, are always in high radiation areas. This
prevents the use of any electronics close to the motors, such as sensors or the power
electronics. The electronics involved in the control and supplying of these systems will
be installed in safe areas up to 800 meters far.
The lack of a position feedback led to choose stepper motors as actuators in the
collimation system. The two characteristics that make them match so well with the
application are their high accuracy in open loop control and their robustness.

1.4 Stepper motors
Stepper motors are a kind of brushless synchronous electric motor. One turn of the
rotor in a stepper motor is divided in a physical number of steps, defined by the number
of teeth and phases it has.
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Figure 1-4 Hybrid stepper motor with 2 phases and 3 teeth

The phases, when energized, produce a magnetic field which will make the rotor
align with this field. Depending on the motor type, the aligning force will be produced
one way or another. For a permanent magnet stepper motor, there is a magnet in the
rotor perpendicular to the turning axis which will tend to align with the present
magnetic field. For a variable reluctance stepping motor, there is no magnet in the rotor
but it will be teeth-shaped and it will tend to align the rotor with the magnetic field in
such a way that the reluctance of the magnetic path is minimized. The last type is the
hybrid stepping motor, in which there is a permanent magnet along the axis, and two
shifted toothed disks. As it can be seen in Figure 1-4, the teeth will align with the field
depending on its polarity. Independently of the stepper motor type, alternating the
current in the phases the rotor will follow a sequence of fixed positions until the turn is
complete (steps).
In this work, a hybrid stepper motor will be used, and its most important equations
are now described.

1.4.1 Motor modeling
In this work we part from the model described in Invalid source specified. and
(Masi, y otros, 2008) for the motor and for the cable. It will be now briefly exposed.
The motor used during this work is from the manufacturer Maccon, model SM
87.2.18M2N. The model based on the data given by the manufacturer fails above 1 kHz.
This mismatch is due to the iron losses, not considered in the data sheet.
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The equivalent circuit taking in account such losses is shown in Figure 1-5, as well
as the Thévenin equivalent got from it. Rw and Lw represented the coil resistance and
inductance, and Rfe and Lfe represent the equivalent circuit for the losses in the core.

i (t )

u (t )

Rw

i (t )
Lw
ZT

R fe ( f ) L fe ( f )

Z eq

u (t )
eeq (t )

e(t )

Figure 1-5: Phase equivalent electrical circuit with iron losses

The expressions to get Rfe and LFe were obtained empirically using a RLC meter and
the fitting function in Matlab, with the next result:

1.1

The values for the Thévenin equivalent obtained are as follows:

1.2

Considering Rw << Rfe and

, the previous expression can be

simplified to:

1.3
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The mechanical force will be represented by the back electromotive force, e(t) in
Figure 1-5. The power represented by this voltage and its current across, will be the
instantaneous mechanical power.
The back electro motive force of both phases, referred to as phase A and phase B, are
given by the expression:

1.4

Where ω is the angular speed, θ the angular position, p the number of teeth, and KM
the force constant of the motor.
The mechanical power will be given by the expression:

1.5

Where imot represents the current through a phase, Tdm is the cogging torque, that is to
say, the torque produced only by the permanent magnet of the shaft with no current
applied to the phases.
The resulting mechanical equation from the equilibrium of the forces applied to the
rotor is the following:

1.6

Where

is the external torque applied to the shaft, J the inertia moment and B the

viscous friction. In words, the rotor will accelerate if the electromechanical torque
overcomes the opposing forces constituted by the viscous friction and the external
torque.

1.5 Description of the problem
As explained so far, the collimation system’s motors are in high radiation areas,
where no electronics can be placed. The distances from the drives to these motors will
reach up to 800 meters. In this situation, with the power to the motors modulated in
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pulse width (and thus pulsing high voltage at high frequencies), the cable behaves as a
transmission line. The current in the motor will no longer be similar to the current in the
motor. While the later will be smooth because of the motor phase inductance, the
current in the driver will show a ringing effect with very high amplitude oscillations.
With the voltages the contrary will happen. In the driver side there will be a huge
ringing, while in the drive side will not.
There are only a few commercial drives that can withstand this situation, but the
quality of the control is unacceptable.
From this problem arise the necessity of improving the low level control of the LHC
collimators motorization, given the narrow requirements of the LHC.
The aims of this project are two: in one side improve the repeatability in the motor
positioning, and in the other reduce the emissions and push them out of the 18 kHz limit
given in the LHC’s specifications.

1.5.1 Cable modeling
The cable used to feed the motor is a twisted pair line. It is modeled for the
frequency range of interest as a transmission line with losses. There are two extended
models to represent the transmission line as an electrical circuit. The first consist of
RLC stages as shown in Figure 1-6. The ideal cable is represented by an infinity number
of stages, and the quality of the model will be higher when the number of stages
considered is high.
1
r

2
l

r

c

n
l

r

c

l

c

Figure 1-6 N-stages model of the transmission line

The second way to model a transmission line is shown in Figure 1-7. This is the
equivalent two port net T-model.
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Zt 2

Z t1

Z t12

Figure 1-7: Equivalent T-model

The impedances are modeled as:

1.7

Where h is the length of the line, Z0 is the characteristic impedance and γ0 is the
propagation coefficient. Z0 and γ0 are frequency dependant.

ZL

Z in
Figure 1-8: Input seen by the driver

If we take the circuit in Figure 1-7 and Figure 1-8, we can get with some calculation:

1.8
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Where

1.9

And the propagation coefficient

1.10

r, l, g and c are the resistance, the inductance, the conductance and the capacitance
per unit length, respectively. These parameters are frequency dependant, but we can
consider them constant in the frequency range of interest.
Parameter
r
l
c
g

Value
23 Ω/km
0.6 mH/km
48.7 nF/km
0 S/km

Table 1.1: Cable parameters

1.5.2 Cable and motor modeling

The resulting scheme joining equivalent two port net T model and the Thévenin
equivalent of the motor is shown in Figure 1-9.
ii

Z t1

Zt2

io

Z mot
vi

Z t12

vo
eeq

Figure 1-9: Cable and Thévenin equivalent model of one phase

We can get the transfer functions between vi and eeq, and the resultant vo, io and ii, in
the Laplace domain following the principle of superposition. These transfer functions,
are represented in the blocks scheme in Figure 1-10.
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Eeq (s )

H 1 ( s)
+

G1 ( s)

I i (s )

+

H 2 ( s)
+

G2 ( s )

Vi (s)

I o (s)

+

H 3 ( s)
+

G3 ( s )

Vo (s)

+

Figure 1-10: Blocks scheme of motor phase and transmission line

And their equations are as follows:

G1 ( s )
G2 ( s )
G3 ( s )
H 1 (s)
H 2 (s)
H 3 ( s)

Z 0 ( s ) cosh( 0 h) Z mot ( s ) sinh( 0 h)
Z 0 ( s ) Z mot ( s ) cosh( 0 h) Z 0 ( s ) sinh( 0 h)
1
h) Z 0 ( s ) sinh(

0

h)

Z mot ( s )
Z mot ( s ) cosh( 0 h) Z 0 ( s ) sinh(

0

h)

Z mot ( s ) cosh(

0

1
h) Z 0 ( s ) sinh(

0

h)

cosh( 0 h)
Z mot ( s ) cosh( 0 h) Z 0 ( s ) sinh(

0

h)

Z mot ( s ) cosh( 0 h)
Z mot ( s ) cosh( 0 h) Z 0 ( s ) sinh(

0

h)

Z mot ( s ) cosh(

0

G1 ( s)
G ( s)

G2 ( s )
G3 ( s )

H1 ( s )
H( s)

H 2 ( s)
H 3 ( s)

I i (s)
I o (s)
Vo ( s)

G ( s) Vi ( s) H( s) E ( s)
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2 The Stepper Motor Drive

Chapter 2
The stepper motor Drive
In this chapter, the drives so far used to control the stepper motors in the collimation
system of the LHC tunnel will be explained.
First the drive which is currently working is described, and then the development of
the DSP based stepper motor drive will be extensively explained. At the moment this
work was written, the second fully integrated version has been release and is under the
quality and safety testing at CERN facilities, where it will work for several weeks
before it is installed in the tunnel.
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2.1 Starting point
Now the work developed before the starting of this work is briefly described. It was
carried out by another technical student and is fully explained in (Conte, 2006).

2.1.1 The current motor drive
The solution currently adopted in the tunnel is based in an adapted off-the-shelf drive
from the company SHS, the model Star 2000. The drive is based on a hysteresis current
regulator.
The modification consists on some extra hardware implementing a de-ringing filter
in which the coefficients corresponding to several fixed cable lengths can be selected
with an external switch. The filter implementation can be found in chapter 5 of (Conte,
2006).
The scheme of the controller implemented in the SHS drive is shown in Figure 2-1.
In this figure, Vi and Ii are voltage and current in the drive side, and Io is the motor side
current and E(s) is the back electromotive force.

Figure 2-1 Analog filter scheme for one motor phase

For the design of the filter a simplified model of the transmission line was used. This
model consists on an RCL-stage as shown in Figure 2-2. From this model,
obtained as

is
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2.1

After some simplifications (Conte, 2006), the filter transfer functions results in

2.2

Where

and

, frequency dependant, are selected for the working frequency of

the driver.

Figure 2-2 Simplified one stage model of the transmission line plus the motor

The filter is then implemented in an analog active filter as the one shown in Figure
2-3, where the combination of resistors to match the

term in the filter transfer

function will have four different selectable combinations, to work in the ranges 0-200m,
200-400m, 400-600m and over 600m.

Figure 2-3 Analog filter implementation
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2.1.2 The DSP based drive under development
The analog solution described in the previous chapter is a valid solution, and it is in
fact the one running in the LHC tunnel at the time this document was written.
Nevertheless it has some limitations, which lead to the full digital solution. The most
important are:
The analog solution has fixed values, and only four different ranges of cable
length are allowed. In the digital solution, the cable length will be measured
at the startup of the drive and the filter and controller adapted to this value.
If the cable changes, and therefore its parameters, the values have to be
changed. This is not possible in the analog solution, and however the drive
will have to deal with different short of cables.
Using a commercial solution fixes the range of frequencies to values close to
or even within those set as limit by the LHC specifications. The digital
solution allows us to push the chopping frequency to much higher values.
These are the most important, but as it will be shown, the flexibility given by a DSP
based drive will allow us to many other improvements, since any kind of filter may be
implemented, there will be absolute freedom concerning the reference generation and
further on, it will let us implement more advanced control techniques with no hardware
upgrades, such as the Kalman filtering for position estimation.

2.1.3 The digital filter
As shown in the final chapter in (Conte, 2006), a first version for the digital filter
was proposed. It was based in the simplification of the hyperbolic transfer functions of
the transmission line based in Taylor series. However a second simplification was
proposed (Masi, y otros, 2008), this one based on a 4th order balanced Padé
approximation.
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The system impedance was shown in previous chapter and is now repeated for
convenience:

2.3

Where

is the load, in this case the motor phase equivalent impedance, and

and

are:

2.4

2.5

Combining the previous expressions, we get in the Laplace domain:

2.6

The balanced 4th order Padé approximants proposed are the following:

2.7

2.8

From this approximation, a stable 5th order transfer equation is obtained for the
cable-motor system:

2.9

The parameters

and

will be calculated as a function of motor and cable

parameters and the measured length of the cable. The performance of this filter has been
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demonstrated and is shown in (Masi, y otros, 2008) and (Conte, 2006). In Figure 2-4 an
example of the real current and the estimated one using the filter are shown.

Figure 2-4 Actual and estimated current comparison

2.1.4 First prototype for the DSP Drive
At the starting of this work, a first prototype already had been built and is shown in
Figure 2-5.
This prototype was based on a TMS320F2812 DSP, located at the top right in the
image. It is a fixed-point DSP from Texas Instruments. There is a buffer stage between
the DSP and the MOSFETs bridge consisting of a 74HCT buffer and an 6N137
octocouplers barrier.
Isolation is achieved in current measurement through a Hall effect sensor, the LEM
LTSR 6. The H bridge is composed by IRFB31N20D MOSFETs and IR2181 drivers.
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Figure 2-5 First prototype of the DSP Drive

2.2 DSP drive development and improvements
Now the DSP drive will be described in detail together with the troubleshooting and
the improvements developed.

2.2.1 The core of the drive: the DSP
The first big change in the drive’s hardware was precisely its main component, the
DSP. The TMS320F2812 fixed point DSP was changed by a TMS320F28335 floating
point, being this characteristic its main difference and the reason for the change.
In a fixed point DSP, numbers are represented and manipulated in integer format. In
a floating point DSP, in addition to the integer arithmetic, floating point can be handled
the same way. This means that the DSP will work at hardware level with numbers
directly represented in floating point, by a mantissa and an exponent part.
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Floating point DSP are more expensive than fixed point DSP. The reason for this is
that the hardware to manage and do operations with floating point encoding is far more
complex than with fixed point. But they have some important advantages. The dynamic
range allowed by floating point is much greater. This is important when working with
IIR filters, and in a future, with other control techniques such as the Extended Kalman
Filter, in which there will be very large and extremely small values at the same time.
The second big advantage of the floating point DSP comes from the point of view of the
programmer and anyone who have to understand the code. In floating point, numbers
and variables can be used directly, in a much more friendly way. Here a little example
of two lines of code with the same functionality but in different type of DSP:
R_est = _IQdiv((_IQmpy(Vdc,_IQ(0.1L)),I_est);
R_est = Vdc * 0.1 / I_est;
The second prototype of the DSP driver is based in a floating point DSP, and the first
step done in this work was to port the code developed in fixed point to the new
platform. In the former case, the IQ library is used to help using the fixed point in
calculations which are not integers.
The TMS320F28335 is a digital signal controller, so not only includes the digital
signal processor. It includes some of the peripheral which will be used in the prototype.
The PWM module will drive two MOSFET H-bridges at a frequency up to 50 kHz. The
ADC has 16 multiplexed channels with 12.5 MS/s and 12 bits of resolution. The 150
MHz full floating point will allow us to increase the digital filter frequency up to 500
kHz, leading to a higher accuracy estimation of the currents in the motor.

2.2.2 Second DSP drive prototype
The second prototype is shown in Figure 2-6. In this case, all the power stage and the
control stage, with exception of the DSP and the power supplies are integrated in a
single board.
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Figure 2-6 Second DSP Drive prototype

Some new features were implemented in this version, such as the over current
protection. This protection consists of a simple latch which is set when the current
overcomes a certain threshold, and can be reset only by the DSP.
The over-current protection threshold is set by a PWM signal commanded from the
DSP, and isolated from the power stage by an octocoupler. The signal coming from the
octocoupler goes through a low pass filter yielding a constant signal to compare with
the current read from a shunt resistor situated at the bottom of the MOSFETs bridge.
To make the signal latched command the MOSFETs bridge, there is a NAND gates
barrier just before the octocouplers, which will not let a positive signal reach the
MOSFETs bridge unless the latch is reset by the DSP.
An under voltage protection has been implemented as well. A LM331 IC reads the
high power supply voltage through a voltage divider and converts its value to a
frequency signal. This frequency is fed to the DSP through an octocoupler to have the
galvanic isolation between power and control stages. In the DSP this signal frequency
will be read with the enhanced capture module (eCAP) to get the frequency of the signal
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and therefore be able to calculate the voltage of the power supply. In case the there is a
power failure it will be detected; and this reading will be use by the controller to
calculate the controller action as well.
Also some components from the previous version were changed or rearranged. The
LEM sensors where connected in a 2-turn configuration instead of 3-turn. This led to a
lower resolution, 2/3 from the previous, but avoided some saturation problems in the
reading. As it was shown in previous chapters, the ringing effect in the cable produces
high currents up to even over twice the maximum rms current, but it is important that
the entire signal is correctly read for a proper performance of the filter.
The IR2181 MOSFET drivers where changed to IR2183, an IC from the same family
with the same characteristics, but with the advantage of implementing an internal crosscurrent protection that will help avoiding a branch of the MOSFETs bridge to be in
short circuit.

2.2.3 First fully integrated board release
A fully integrated version of the DSP drive was finally released. It integrates all the
power stage with heat dissipation means and the control stage. The board is shown in
Figure 2-7.
The main characteristic of this release is the integration of all the electronics of the
system in a single board. Two temperature sensors have been added to monitor the
temperature of the heat sink shared by the MOSFETs bridge.
This board has been intensively tested and optimized, and the way of working and
the results will be presented in the following chapters.
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Figure 2-7 Fully integrated DSP Drive board

2.3 Software implementation
The way the drive works will be now exposed in detail. The general connection
scheme is shown in Figure 2-8. The stepper motor driver interface is commonly a
Universal Motion Interface (UMI) which sends the necessary digital signals to the drive.
The enable signal commands the working of the drive. When enabled, the drive feds
current to the motor, and if no other signal arrives, it will be in a static holding position.
If the drive is enabled and a pulse arrives through the step signal, the drive will switch
the current references to those corresponding to the next rotor position of the motor. The
direction of turning will depend on the direction signal, being the turn clockwise in one
case and counter clockwise in the contrary.
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Serial
communications
Step signal
Stepping motor
driver interface
(UMI)

Phase A
Direction

Drive

Enable

Phase B

Hybrid stepping
motor

Figure 2-8 Basic stepper driver's connections

2.3.1 Input-Output variables definition
The main connections from/to the DSP are shown in Figure 2-9.
The input variables of the DSP software are:
ADCINA1: It is the ADC input used for the A phase feedback current;
ADCINB1: It is the ADC input used for the B phase feedback current;
GPIO14 - XINT1: This external interrupt is used as step signal for the reference
generation. As soon as a new step event occurs, the current reference is updated
at the new value that depends on the resolution modality and the direction set.
GPIO29: Digital input to select the turning direction.
GPIO23: Digital input to enable the driver.
The output variables of the DSP software are:
PWM1A: This is used to drive the left-top MOSFET of A phase.
PWM1B: This is used to drive the left-bottom MOSFET of A phase.
PWM2A: This is used to drive the right-top MOSFET of A phase.
PWM2B: This is used to drive the right-bottom MOSFET of A phase.
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PWM5A: This is used to drive the left-top MOSFET of B phase.
PWM5B: This is used to drive the left-bottom MOSFET of B phase.
PWM6A: This is used to drive the right-top MOSFET of B phase.
PWM6B: This is used to drive the right-bottom MOSFET of B phase.

PWM1A
PWM1B

XINT1

Stepping
generation

PWM2A
PWM2B
PWM5A

ADCINA1
TMS320F28335

PWM5B
PWM6A

ADCINA2

PWM6B

+HV

PWM1A

PWM2A
A

PWM1B

+HV

PWM5A

PWM6A

Phase
A

PWM2B

Motor A phase

A

PWM5B

Phase
B

PWM6B

Motor B phase

Figure 2-9 Main connections to/from the DSP
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2.3.2 Algorithm description and software architecture
The flow diagram of the basic operation mode of the drive is shown in Figure 2-10.

SCI
communication

Load
configuration

Power ON
State
H tuning
Wait
SCI
communication
Enable

Method

Enable
Enable*
(current
flowing)

SCI communication
Change step
type

Step
signal
Step
reference

*A h tuning has to be run once at
least to let Enable state

Figure 2-10 Flow diagram

Figure 2-11 shows the software architecture used. The main() function is used to
initialize all the peripherals and variables and to activate the hardware interrupts used to
implement the required main tasks. The everlasting loop in main() is interrupted
whenever one of the interrupt sources occurs. The three main interrupts sources are:
The CPUTimer1 TINT1: The interrupt service request (ISR) serving this
interrupt implements the de-ringing filter. Using the ADC buffer values, an IIR
filter is implemented in order to set the global variables where the estimated
motor currents are stored and then used by the controller. The CPUTimer1 timer
is set to generate interrupt signals at 300-500 kHz.
The external interrupt XINT1: An interrupt is generated whenever a step signal
reaches the XINT1 external interrupt. The ISR, according to the operating
modality and direction, changes the global variables where the current references
are stored.
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The CPUTimer0 TINT0: The ISR serving this interrupt does the controller job:
calculates the current error (reference - Actual current out of de-ringing stage),
calls the functions to change the MOSFET pulse duty cycles and updates the
controller states. It is also used to trigger the power supply voltage and
temperature measurements each second. The CPUTimer0 timer is set to generate
interrupt signals at 10-50 kHz.
Main()
Init()
While(1){}
Interrupts
reference_interrupt()

Change references
PRIORITY 3

XINT1
(asynchronous)
External [step signal]
ADC
(>500 kHz)

filter_interrupt()

controller_interrupt()

Use ADCbuffer to
calculate ImotA,ImotB
IIR deringing

Use ImotA, ImotB and
the current references
to calculate and set
the new duty

PRIORITY 1

PRIORITY 2

CPUTimer1
(300-500 kHz)

CPUTimer 0
(10-50 kHz)

ADC Buffer
Figure 2-11 Software architecture

2.3.3 Control algorithm description
The proposed control architecture is shown in Figure 2-12. It is composed by a
digital controller, a digital filter, the analog to digital converter and a PWM block.
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Digital
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err(k)
+

Analog
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V
PWM

I(t)
Load

-

if(k)

Filter

i(k)

ADC

Figure 2-12 Digital control block diagram

The digital controller is an inverse dynamic controller based on the motor and cable
characteristics. Therefore, its coefficients have to be calculated after a cable
measurement is performed. The design of the controller has been done in continuous
time and then discretized.

2.10

Where the controller parameters have to be chosen as follows:

2.11

2.12

2.13

Where l and r are the cable inductance and resistance per kilometer, h is the
measured cable length,

and

are the motor parameters and

is the desired

bandwidth for the closed loop, in Hz.
The controller is a type 1 controller since it has an integrator, and means to avoid its
saturation are necessary. An anti wind-up scheme will be used. First, the controller is
split in integrator and the rest:
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2.14

The anti wind-up scheme is shown in Figure 2-13. The desaturation constant is set to
.

Figure 2-13 Controller and anti wind-up scheme

The discrete form of the controller (2.14) is derived using the Tustin approximation
as follows:

2.15

Where the coefficients of the non integral part have the following expression:
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2.16

2.17

The discretization of the system shown in Figure 2-13 leads to the scheme of Figure
2-14.

Figure 2-14 Discrete anti wind-up scheme

Considering that

is the delay operator in time domain, the difference equations

implementing the Z transfer function shown in Figure 2-14 are:

2.18

However, these equations are not physically implementable due to the non causal
term

]. To avoid this problem, the previous value will be used

twice as approximation. This approximation is valid whereas there are no big changes in
the control signal during

time.

The control scheme will finally be as shown in Figure 2-15 with the following
equations:
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2.19

Figure 2-15 Discrete causal anti wind-up scheme

2.3.4 The PWM block

2.3.4.1 Basic working principle of PWM signal
The basic working principle of a PWM signal is to achieve a desired average in the
signal varying the so-called duty cycle (d), which is the proportion between the time in
which the signal is at high level and the chopping period (
It can be seen in the next figure:
Tpwm
V(t)
Vdc
Ton=d·Tpwm
Toff=(1-d)·Tpwm

Figure 2-16 Simple PWM cycle

).
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The formulae for this kind of modulation are straightforward:

2.20

2.3.4.2 Duty set function with variable fast discharge
To achieve the possibility of bipolar power supplying from a monopolar power
supply, an H-bridge like in Figure 2-17 is used. In this way, activating the appropriate
MOSFETs, either a positive or a negative voltage can be applied to the phase.

Figure 2-17 The MOSFET bridge
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Nevertheless, since the load is an inductance, and therefore the current through it
cannot be changed abruptly, the way to achieve either a negative or a positive average
voltage in the phase will depend on the current in the coil.
There will be two cases: positive and negative current (with reference to the current
and voltage represented in Figure 2-17):
Positive current – positive voltage
To achieve a positive voltage average when the current is positive, the path for the
current has to alternate between through Q11 and Q14 for the Ton time (approximately
Vdc applied to the load) and through Q14 and D12 for Toff (approximately 0 V applied
to the load).
Q11 will follow the PWM signal as established by Figure 2-16, achieving a voltage
Vmot with the same waveform and the desired average, while Q14 will be the entire
time active, letting the current flow freely.
Both states, Ton and Toff, are shown in Figure 2-18.
In terms of energy, the motor phase is receiving energy from the power supply, and
part is been stored in the inductance, part is being dumped in the resistive elements and
part is being converted in mechanical power.

Figure 2-18 Positive current and positive voltage current paths
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Positive current – negative voltage
In this case, the motor phase will be giving the power stored back to the power
supply. The negative voltage average cannot be achieved with the intuitive idea of using
Q13 and Q12. If all the MOSFET are open, the coil will produce the necessary voltage
to find a path for the current which will be through the freewheeling diodes.
To achieve a negative voltage average when the current is positive, the path for the
current has to alternate between through D12 and D13 for the Ton time (approximately Vdc applied to the load) and through Q14 and D12 for Toff (approximately 0 V applied
to the load), as shown in Figure 2-19.
Q14 will follow a PWM signal as established by Figure 2-17, but it will be
conducting for the Toff time and open for the Ton time.
It should be noted that not all the power supplies can withstand this, since them will
working as load during the Ton time, also called fast discharge of the phase.

Figure 2-19 Positive current and negative voltage current paths

Negative current – negative voltage
To achieve a negative voltage average when the current is negative, the path for the
current has to alternate between through Q13 and Q12 for the Ton time (approximately -

40

The Stepper Motor Drive

Vdc applied to the load) and through Q12 and D14 for Toff (approximately 0 V applied
to the load). Both states are shown in Figure 2-20.
Q13 will follow the PWM signal, while Q12 will be the entire time active, letting the
current flow freely.
In terms of energy, the phase is receiving energy from the power supply.

Figure 2-20 Negative current and negative voltage current paths

Negative current – positive voltage
In this case, as in its counterpart explained previously, the phase will be giving the
power stored back to the power supply.
To achieve a positive voltage average when the current is negative, the path for the
current has to alternate between through D11 and D14 for the Ton time (approximately
Vdc applied to the load) and through Q12 and D14 for Toff (approximately 0 V applied
to the load), as shown in Figure 2-21.
Q12 will follow a PWM signal, but it will be conducting for the Toff time and open
for the Ton time.
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Figure 2-21 Negative current and positive voltage current paths

2.3.4.3 Duty set function with fixed fast discharge
Another way to apply the desired average current to the motor phase is applying a
fixed fast discharge proportion time each PWM cycle. This yields a faster dynamics,
especially noticeable when the voltage control signal is close to zero and there is a long
cable. This is due to the fact that the controller does not take into account the
capacitance of the cable, and in order of this capacitance to be discharged, the controller
will not give the appropriate strength through the control action. However the drawback
is that there will be more harmonics introduced in the line and this will be reflected in
the emissions. Aside, the ripple in the current is slightly higher with this method, since
the Vdc will be applied for more time to get the same average voltage and a –Vdc will
be applied as well each cycle.
The shape of this control signal application way is as shown in Figure 2-22.
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Tpwm
V(t)

Toff=(1-d)·Tpwm
Ton=d·Tpwm

Vdc

Tslow=Ds·Toff

Tfast=(1-Ds)·Toff

-Vdc

Figure 2-22 PWM cycle with fixed fast discharge proportion

The equation of the average voltage applied to the load is, neglecting the diodes
forward voltage drop and the MOSFET’s on resistance, as follows:
2.21

Where

is the slow discharge (0 volts applied to the load) factor (

d is the duty cycle of the MOSFET Q11 (

and

.

From (2.21) we can get the duty cycle to be applied to Q11:

2.22

Concerning the MOSFET Q14, the duty cycle has to be

instead.

Given the fact that d cannot be negative, the minimum average voltage that can be fed
to the load in this case is –

. When

can be open, feeding to the load a constant voltage

–

, all the MOSFETs
–

.
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The positive current case has been discussed so far. The negative current case is
similar to the previous case and Table 2 summarizes the four possible situations (
are calculated as follows:

Current

and

).

Q11

Q12

Q13

0

0

0

0

Q14

reference
>0
>0

0

<0

0

<0

0

0
0

0

0

0

Table 2 MOSFETs duty cycles for the four possible situations

2.3.4.4 The motor plus cable system
All the previous explanations are done assuming that the load from the drive’s
viewpoint is mainly an inductance.
Nevertheless, the problem we are dealing with is quite different, since there is a
transmission line between the drive and the motor. This will make the current in the
drive side to be completely different to the one in the motor and not smooth at all. This
will provoke the current to have a big ringing, which will even change its direction
given the size of the oscillations.
To deal with this, special attention has to be paid in the control of the MOSFETs, in
order to avoid undesired activation of the freewheeling diodes and thus applying an
unwanted voltage to the system cable plus motor.
In Figure 2-23 can be seen the undesired fast discharge of the motor phase. In this
figure, the green line is the current in phase A, and the magenta line is the voltage
applied in the same phase, both in the driver side. Following the polarity established in
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Figure 2-17, it can be seen that the voltage applied after the regular PWM Ton time
(pointed by the arrow) is not desired, and it is due to the inverted direction of the
current.

Figure 2-23 Not desired fast discharge of the motor phase

In that point, the current is taking the path shown in Figure 2-21 (Vdc applied), in
which the state of Q11 and Q14 doesn’t stop the current flowing, and the system is in
fact giving the energy stored (in this case in phase and cable) back to the power supply.
In order to keep the voltage applied to the system under control, another MOSFET
will be driven to avoid the application of undesired voltage. All the current paths shown
so far will keep being the same, just by using the dead band module of the DSP, to
alternate the activation of upper and bottom MOSFET with a time in between to avoid
cross conductance in the MOSFETs (if upper and bottom MOSFETs in a branch are
activated at the same time, a short circuit will be produced from high voltage to
ground).
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This means that to get the 0 volts applied, the paths shown in Figure 2-24 will be
used by activating the bottom MOSFETs at the same time, letting the current change
direction.

Figure 2-24 Solution to avoid not desired application of reversed voltage

2.3.5 Cable length tuning procedure
A simple algorithm has been written and implemented on the DSP in order to get an
estimate of the cable length. The easiest way to get a measure of h (cable length) is to
perform a steady state current measurement. A DC measurement is not possible with the
nominal supply voltage of the full bridge without damaging the motor. A PWM
approach has been used to limit the motor current. Feeding the motor plus cable with a
constant duty cycle modulated voltage signal, the phase current (neglecting the
MOSFET voltage drop) will reach a mean steady state value defined by:

2.23

Where the above simplification has been done considering that Voff (the free
Wheeling diode voltage drop) is at most -1.3 V and it is negligible compared with Vdc
around 135 V (the DC supply voltage used in our case, chosen to have a minimum of 60
V at motor with 1 km cable). The current will have a ripple due to the switching.
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Anyway, an accurate measure of idc can be obtained filtering the current signal with an
average filter. The cable length estimate is found with the following formula:

2.24

Where r is the nominal cable resistance per unit length and

is the resistance

introduced in series with the system to measure the currents by the over current
protection system.
Figure 2-25 shows a blocks scheme describing the procedure to estimate the cable
length h.

Figure 2-25 Cable length estimation blocks scheme

The h estimation has been done using a PWM chopping frequency of 1 kHz instead
of using the chopping frequency used by the controller. It has been necessary because at
that bigger chopping frequency, a voltage reflected wave has been experienced that
badly affected the measurement. Working at 1 kHz there were no problems.
The duty cycle used on the measurement is 10% in order to prevent a motor damage
due to high currents. In fact, at 80 meters (that is the minimum cable length expected)
the motor plus cable resistance is around 5 Ω that leads to have a current around 2.7 A
for about 240 ms (it is the measured time taken to perform the measurement).

2.3.6 Program structure
The software program flow is shown in Figure 2-26. The init() function is used to
initialize the peripherals, calibrate the Adc channels, initialize the data structures,
estimate the cable length, initialize the filter and controller parameters and finally
enable the Interrupts. The program flow ends up in an infinite loop, where the interrupts
can act depending on their timing and priority.
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Device System Control Initialization

Initialize PIE control registers to their default state
InitSysCtrl
Initialize PIE vector table
InitPieCtrl
Disable CPU interrupts and clear all CPU interrupt flags
InitPieVectTable
Disable CPU
interrupts
init_pins

init_adc

init_voltage_reading

INIT()

init_temperature

At this stage the PWMs are initialized to work at the
selected chopping frequency

init_data

Adc Self Calibration
Offset

init_PWMs

Adc _ calib ()

Perform a cable length estimate by means of a resistance
Measurement. The PWMs are set to work at 1 kHz during the
measurement, then are set to the selected chopping frequency again

init_ADC_lookup_table

Initialize filter and controller parameters using the estimated h
h_tuning
Init filter and
controller

Timer ISR. This ISR is server by CPUTimer2 at the selected filer
frequency. It has the highest priority

init_reference
Timer 0 ISR. This ISR is server by CPUTimer0 at the
selected controller frequency. It has an intermediate priority

Init timers

XINT2 ISR. This ISR is server
by external interrupt. It has
the lowest priority

Low priority task .
interrupted by
ocurring
interrupts

Main
task

Interrupt
handler

ENABLE
Interrupts

CPU Timer 2
Filter interrupt

CPU Timer 0
Controller
interrupt

XINT2
External
interrupt

Figure 2-26 Software program flow

Digital filter interrupt service routine
The TINT1 service routine is scheduled at 300-500 kHz and assigned with highest
priority. It performs basically three operations: read the analog to digital converters and
loads their values, and then executes the function implementing de filter.
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Controller interrupt service routine
The TINT0 ISR is scheduled by CPU timer0 at 30-50 kHz. The operations it
performs can be summarized as follows:
Calculate the error signal in the currents. This is the difference between the actual
current reference and the output of the digital filter
Execute the function implementing the digital controller.
Every second (a counter is set during the init for this purpose), a temperature and
a power supply voltage measurements are performed.
Reference generator interrupt service routine
The XINT1 ISR is scheduled when the external interrupt on XINT1 pin is triggered
by the step signal. It is served at the lowest priority and it updates the references for the
currents. This routine just takes the value corresponding to the current reference index
from a look up table. This table is generates depending on the stepping type and the
third harmonic compensation configured.

2.4 Results
The prototype presented so far has been thoroughly tested, and the results presented
in (Martino, y otros, 2009). Now those results will be shown and described.
The tests have been run over different Maccon motors. These motors are special
version of the commercial ones with materials selected to make the motor radiation
hazard.

2.4.1 Current controller performance
The first thing that had to be checked was the performance of the current controller.
To test this, the drive was connected to the motor. Four LEM PR50 current probes
where used to measure the current through the cable, in drive and motor side for each
motor phase. The lecture from these clamps was captured by a LeCroy WaveRunner
204 Xi oscilloscope, with an acquisition rate of 10 gigasamples per second. The
oscilloscope analytical tools helped to compare the currents applied with the references
directly, by averaging the measurement and calculating the standard deviation. This
arrangement, except for the motor is shown in Figure 2-27.
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Figure 2-27 Drive current control performance test bench

With this configuration, several cable lengths where tried, ranging from no cable to
720 m cable of the same kind used in the LHC tunnel. The best parameters found are
shown in Table 3.
Parameter

Symbol

PWM Period

TChopping

Closed Loop Bandwidth

Bcl

Controller Sampling Period

Tcont

20 [

]

Filter Sampling Period

Tfilter

2.0 [

]

Value
20 [

]

2.0 [kHz]

Table 3 Controller parameters

An example of the resulting currents can be seen in Figure 2-28. As expected the
driver current presents a high frequency ringing, while the motor current is quite smooth
and has only the usual current ripple typical in switching power supplies.
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Figure 2-28 Driver and motor current capture for one motor phase

2.4.2 Repeatability test
The repeatability in the positioning of the motor is together with the EMI reduction
the greatest challenge of this project. The quality of the drive will be compared with the
commercial adapted solution described in 2.1.1.
For the repeatability test, the motor is coupled to two different position transducers,
an encoder and a resolver. The drive is connected to a universal motion interface (UMI)
controlled from a computer through a LabView based application. The later is in charge
of applying the steps configured for the test and then capture the position after some
time to let the mechanic transients of the rotor to vanish. This test bench is shown in
Figure 2-29.

51

The Stepper Motor Drive

Figure 2-29 Repeatability test bench

The test are performed in half-step mode operation (400 steps per physical turn),
repeated for 5 turns of the shaft, or in other words, 2000 steps. The values given on each
figure are referred to the error in the positioning. This error is obtained subtracting the
measured position value,

, to the reference angle value. The reference angle,

, for each position is multiple of the physical angle step of the motor, divided
by the stepping mode, so in this case it is 0.9º per step. This value will be referred to as
.
Once the array of errors is obtained, the average error positioning and the standard
deviation are calculated as follows:

2.25

2.26
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The value that will serve as guide to compare the quality of the positioning for each
driver will be

2.27

For the SHS Star 2000 drive in his modified version, adapted to work with the long
cable, the positioning repeatability results are presented in Figure 2-30 and Figure 2-31.
Two cases have been tested, one with no cable and other with the maximum length
available in the laboratory, 720 meters. The former represents the case for which the
commercial drives are designed and the latter approximately the worst case that will be
found at CERN.
For the DSP based drive the results are presented in Figure 2-32 and Figure 2-33.
The best results obtained where, for 0 meters cable length, using an average filter
instead of the digital filter presented in 2.1.3 working at 500 kHz, a 50 kHz PWM and a
2 kHz close loop bandwidth for the controller parameters calculation. For the 720
meters case, the digital filter yielded the best results being the rest of the configuration
parameter as in the previous case.

Figure 2-30 Repeatability histogram for SHS drive and 0 meter cable length
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Figure 2-31 Repeatability histogram for SHS drive and 720 meter cable length

Figure 2-32 Repeatability histogram for DSP drive and 0 meter cable
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Figure 2-33 Repeatability histogram for DSP drive and 720 meter cable

2.4.2.1 Third harmonic compensation
A parameter that showed one of the greatest improvements in the results of the
positioning repeatability was the third harmonic compensation. The reference generator
was adapter to provide a combination between a first harmonic, the usual way to
produce the reference, with a third harmonic compensation in a proportion set as a
percentage through the parameter α, as expressed in the following equation:

2.28

In Figure 2-34 the references produced are shown for no compensation and for the
extreme cases. The results of the positioning repeatability are shown in Figure 2-35 and
Figure 2-36. There is an important improvement in both cable lengths.
For the one fourth and one eighth stepping modes (800 and 1600 steps per physical
turn respectively) this compensation is especially noticeable in the repeatability, as can
be seen in Figure 2-37 and Figure 2-38. This way of generating the currents for each
shaft position seems to make them correspond much better than a simple sinusoidal.
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Figure 2-34 Third harmonic reference generation

Figure 2-35 Repeatability histogram for DSP drive with third harmonic compensation and 0 meter cable
length
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Figure 2-36 Repeatability histogram for DSP drive with third harmonic compensation and 720 meter cable
length
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Figure 2-37 Third harmonic compensation effect in 1/4 step mode
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Figure 2-38 Third harmonic compensation effect in 1/8 step mode
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2.4.3 Emissions test
The second big challenge of this project was to push the emissions out of the bands
reserved by the LHC specifications, and whenever possible reduce them to the
minimum. With this purpose, two different actions where carried out: use of an EMI
filter and higher PWM frequencies.
The emissions can be reduced by means of suitable EMI filters based on ferrite
inductances able to dampen the unidirectional currents responsible for the emitted field.
For the prototype drive a common mode EMI filter with a rated current of 10 A has
been chosen in order to allow applications requiring higher rated currents. The
component adopted is EPCOS B82725-A2103-N1 which has a rated inductance of 1.8
mH.
Concerning the amplitude spectrum of the emitted field shown in Figure 2-40, there
are principally two different aspects to be discussed. The envelope of the spectrum is
due to the transmission line behaviour of the cable. Its shape closely traces out the
amplitude of the motor-cable impedance seen on the drive side whereas its placement,
in the frequency spectrum, depends on the cable length; for different cable length the
envelope shifts whilst keeping the same shape.
A comparison between the SHS drive equipped with the analog version of the current
estimation filter and the current DSP based prototype working at 50 kHz PWM
frequency and running the digital filter at 500 kHz is shown in Figure 2-40. Both are
equipped with the same previously described EMI filter that noticeably lowered the
emissions in the range of interest. The SHS drive saturates the low frequency spectrum
since subharmonics are also clearly present whereas the fixed PWM period linear
regulator prototype drive has only the spectral lines of the first and the higher harmonics
that can be easily shifted in case of interference with other sensitive equipment.
For the EMI measurements, a spiral antenna sensing the magnetic field and
complying with the standard IEC 60478-5 Type A is connected to an Agilent E7405A
EMC analyzer. A section of the twisted pair cable that connects the drive to the motor
has been replaced by a section with straight conductors to allow more uniform
measurements. The straight conductors’ cable section, the spiral antenna and the EMC
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analyzer have been placed on a conducting plane complying with the above mentioned
standard. The test bench is shown in Figure 2-39.

Figure 2-39 EMI test bench

Figure 2-40 Electromagnetic emissions with 720 meter cable for the SHS drive and the DSP drive
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3 The Extended Kalman Filter

Chapter 3
The Extended Kalman Filter
In this chapter a new approach to improve the positioning repeatability is proposed,
developed and tested in simulation.
The major challenge in this proposal is the limitation in computational power given
by the hardware. In spite of having a powerful DSP running at 150 MHz, the Kalman
filter implies several matrix calculations and there will be a great difficulty for its
application in real time.
As in many engineering problems, there will be a continuous tradeoff, in this case
between accuracy and implementation feasibility. We will look for the simplest solution
able to be run in the DSP Drive already presented which yields the most accurate
estimation of the motor angle position.
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3.1 Why Kalman Filter?
The principal issue to overcome in this part of the project is the positioning
repeatability. This would be easily achieved by a position feedback from sensors
coupled to the motor. Nevertheless, given the particular situation of these motors,
neither sensors nor electronics are allowed in or close to the motors.
Therefore we can only use the information available in the drive side and the
knowledge of the motor and cable model. This leads us to think in estimation.
Estimation consists of getting the state of a system, when it is not directly
measurable. The available measurements may be states or combinations of them.
Merging the information from measurements with the knowledge of the system is how
the observers work.
There are many techniques and theory about this field, being the Kalman Filter one
of the most important and spread. It is known for being an optimal state estimator, so its
use is now proposed.

3.2 Theory behind Kalman filter
In this section, based on (Maybeck, 1979), (Huang, 2006) and (Simon, 2006), the
basic principles to obtain the Kalman filter will be explained, with a special focus on its
later application.
Beforehand, it has to be stated that three assumptions are made to use the Kalman
filter: the linearity of the system, and about the noise, it is white and with a Gaussian
distribution.

3.2.1 A simple example
A simple example is used to explain how Kalman works. A one dimension
estimation is done, choosing a position determination due to its intuitive understanding.

3.2.1.1 Static estimation
Suppose that you try to get your position using a reference point. You estimate a
position

at a time

. This measurement will have an uncertainty, whose precision

you approximate giving a reasonable standard deviation value,

. This way you can
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establish the conditional probability of
measurement being

64

conditioned on the observed value of the

, as can be seen in Figure 3-1. This is the probability density

function depending on : it tell us the probability of being in any one location, based
upon the measurement you took.

Figure 3-1 Conditional density of position based on measured value z1

Based on this conditional probability density, the best estimation of your position,
and the variance of the error in the estimate are:

3.1

Now say somebody with better measurement skills (a boy scout for example) repeat
the same measurement at a time

, obtaining a distance

with a variance

,

somewhat better (smaller) than yours. The probability density function of this second
measurement is represented in Figure 3-2.

The Extended Kalman Filter

Figure 3-2 Conditional density of position based on measurement z2 alone

Now, based on the assumptions made to apply the Kalman filter, we can combine
these two measurements using the properties of the Gaussian distribution. The new
distribution is a new Gaussian distribution as shown in Figure 3-3.

Figure 3-3 Conditional density of position based on data z1 and z2
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This distribution has the following mean µ and σ² variance:

3.2

As can be appreciated in this equation, the new variance is always littler than the
previous one. So we have decreased our uncertainty by means of combining two
measurements.
This also tells us two different things. First, that despite the low quality of a measure,
we can always get some information from it. Second, that the estimation is a weighted
average of the available data, giving more importance to data with the best quality, in an
amount proportional to the measure of this quality.
Given this density, the best estimate of position is
variance

with an associated

. This estimation is at the same time the least squares estimation, the

maximum likelihood estimate, and the linear estimate with less variance than any other
linear unbiased estimate. It is the best we can do with this information and a reasonable
criterion.
The equation for

can be rewritten as:

3.3

Which, rewriting taking into account that

, is actually the form that will be

used in the Kalman filter implementations:
3.4
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Where

3.5

Is the so-called Kalman gain, and the variance can be expressed in terms of the same
gain as follows:
3.6

This means that the optimal estimate for a determinate instant is the previous best
estimation plus a correction term obtained multiplying the difference between the
current measurement and its best estimation and an optimal weighting value based on
the statistical information.
It is appreciable the “predictor-corrector” structure of the filter: based on all the
previous information we do a prediction of the value for the next measurement time,
and when this data is available, a correction is applied to that prediction based on the
statistical information.

3.2.1.2 Dynamic estimation
Now consider incorporating dynamics into our problem. You move for a while
before taking a new measurement, and you model your movement simply as:
3.7

Where

is your previous position estimation,

is your estimated speed, w is a

noise representing the uncertainty for the estimated speed, modelled as a white Gaussian
noise with zero-mean and variance

, and

is the time between the first estimation

was made and the next one.
In Figure 3-4, it is shown how the conditional density of position from the estimation
we had varies with the time. As the mean moves at the estimated speed, the variance
spreads, and our estimation of the position goes worse because of the constant addition
of uncertainty over the time.
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Figure 3-4 Propagation of conditional probability density

At the time

, a new measurement

density

is done. Just before it is done, at time

, the

is as shown in Figure 3-4, and can be expressed

mathematically as:

3.8

Thus,

is the best estimation we can have before the new measurement is done,

with an expected variance

.

Once the measurement is done, we have again two Gaussian densities, being all the
available information about the position. One of them contains all the information
before the new measurement is done, and the other being the information provided by
the measurement. We combine them with the process already seen, obtaining the
following mean and variance:

3.9

Where:

3.10

If we pay attention to the form of
measurement noise,

, the gain

, we can see that when we have a large
is small, meaning that we do not fully trust in
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our measurement. Conversely, if it is the dynamic system noise
then

will be large, and so will

the one that is large,

, meaning this case that we do not trust very

much in the system model.
In the next point this derivation will be extended to a multivariate system, and thus
the variable will be a vector.

3.2.2 Obtaining the Kalman filter
In this point, the Kalman filter will be obtained from the statistical properties of the
Gaussian distribution. For this purpose a fast review of the most important properties of
such distribution is done.

3.2.2.1 Gaussian distribution
A random vector that follows a Gaussian distribution is denoted as:
3.11

Where

is the mean and P is the covariance matrix.

Some of the properties of a Gaussian distribution that will be useful to derive the
Kalman filter are summarized now:
The associated Fisher information matrix of a Gaussian distribution is the inverse
of its covariance matrix:
3.12

The Fisher information is a way of measuring the amount of information that a
random variable carries about a parameter.
For any constant matrix F,
3.13
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For any constant vector u,
3.14

For two independent random variable vectors x and y,

3.15

3.2.2.2 Kalman Filter prediction
Suppose we have a process model given by:
3.16

Where

are respectively the state, control and noise vectors at time instant

. The control vector is known and constant from time

to time

(is the value

given by the controller). The noise vector is a zero-mean Gaussian noise vector with
covariance matrix Q. That is,

. We also assume that

and

are

independent.
Suppose that we part from a prior estimation of
expressed as

, whose knowledge can be

. Thus, we can use the aforementioned Gaussian distributions

to apply the system dynamics to this previous estimation as follows.
Take the last estimation,
3.17

Multiply by the state matrix,
3.18

Sum the control vector (constant from time k to time k+1),
3.19
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Sum the noise vector (independent random variable),
3.20

Now we can write the estimate of

, after applying the process but before the

observation, as
3.21

Where

3.22

This is the prediction update of Kalman filter, also called a-priori estimation.

3.2.2.3 Kalman Filter update
Suppose that our observation model is
3.23

Where H is a constant matrix,
of our sensors, a constant vector) and
with variance R, such that

is the observation value at time

(the reading

is the zero-mean Gaussian observation noise
. It is also assumed that

is independent with

.

Particular case: H is square and invertible
If the matrix H is square and invertible, we can rewrite the observation model as
3.24
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And, using again the Gaussian distribution properties, we can write:
3.25

And thus:
3.26

Now we have two pieces of information about the same state vector. One is the
prediction obtained from the model,
obtained

from

our

observation

, and the second is the
of

the

outputs

of

the

system,

.
From the definition of information matrix for a Gaussian distribution, we know that
for the observation, the information matrix contained in the prediction will be:
3.27

And for the prediction:

3.28

Since the amount information is additive, we can say that the total amount of
information available is:

3.29

Now, as it was in the one-dimensional case, the new mean combining the two
estimations we have, is a weighted average. Each of the estimations will be weighted in
proportion with the information contained in each of the Gaussian distributions, as can
be seen below:

72

The Extended Kalman Filter

3.30

The final covariance can be obtained from the total information matrix as follows:

3.31

So, the final estimate of

(after prediction and measurement update) is:

3.32

These equations can be also expressed as:

3.33

And

3.34

Now, if we recall the matrix inversion lemma2, we can express the new covariance
matrix as

3.35

We will now denote S as the innovation covariance, corresponding to:

2

For a partitioned matrix

holds:

, with A and D squared and invertible, the matrix inversion lemma
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3.36

Since

and R are symmetric matrices, so S will be. Using this in (3.35) we got:

3.37

Where

, which will be the Kalman gain, is:

3.38

From the last equation for

, we take

3.39

Thus, applying this to (3.33), we can get the following:

3.40

That is actually the measurement update formula for the state estimation.
As explained in section (3.2.1), now it is again appreciable the prediction-correction
structure of the filter. In the latest formula, we have as best estimation of the current
state the prediction made with the system model plus a correction term formed by the
Kalman gain and the difference between the expected output, obtained applying the
observation model to our state estimation, and the actual measurement.
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General case: H is arbitrary
Usually the matrix H is not squared, and often is not invertible, but the information
matrix from information can be still expressed as:
3.41

Now there is the possibility that

is not full rank, meaning that in the observation

there is not information about all the state vector,
matrix

. However, the total information

is full rank and invertible.

We still have the a posteriori prediction of the state as a weighted sum of estimation
and measurement:

3.42

Thus, all equations using (3.27) and (3.40) are valid since they do not use

.

3.2.2.4 Summary of the Kalman filter algorithm
Once we have the equations that describe the system and the observation of a linear
system, the steps and formulas to use the Kalman Filter are summarized below. The
very first step is to give a value, accurate or not, of the starting state estimation and
covariances:
Initialization:
Give initial values to

and

.

3.43

Prediction update:

3.44
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Measurement update:

3.45

3.2.3 Extended Kalman Filter
In order to deal with nonlinear systems, such those described by equations like
3.46

We have to adapt the Kalman Filter. To achieve this, we linearize the system
equation and then apply the already known Kalman Filter, obtaining the so-called
Extended Kalman Filter.
The linearized system equation is obtained using the first order Taylor series
expansion over the current estimate

.

is the control action, so we can consider it

constant from one time instant to the next one. The resulting system equation is:
3.47

Where

is the Jacobian matrix of the system equation with respect to x

evaluated at xk:

3.48

Equation (3.47) corresponds to a linear system
3.49

With
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We can now apply the linear Kalman filter to (3.49). In this case the prediction
formula will end up being the own system equation when

is applied to the

linearized system equation:

3.50

Now let's have a look at the observation model. If we have a nonlinear observation
model, like
3.51

We can follow the same steps as with the state equation of the system.
First, we linearize the observation taking the first order Taylor series at the current
estimate:
3.52

Where

is the Jacobian matrix of h with respect to x evaluated at

:

3.53

Now we have a linear observation model:
3.54

Where

.

If now we apply the linear Kalman Filter formula to the linearized observation
(3.54), we get
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3.55

and

3.56

Where S is the covariance matrix and Kk is the Kalman gain as shown in (3.36) and
(3.38) respectively, but in this occasion both corresponding to the linearized observation
model:

3.57

3.2.3.1 Summary of the Extended Kalman filter algorithm
Once we have the linearized equations from the nonlinear system, the steps and
formulas to use the Extended Kalman Filter are summarized below:
Initialization:
Give initial values to

and P0

Prediction update:

3.58

Measurement update:

3.59
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3.2.4 Importance and difficulty of tuning covariance matrices
The Kalman Filter has a “dark” side which is in fact the less documented in all the
references about this filter. It is indeed what can make the filter behave appropriately or
be unstable, be fast and reactive to the measurements or mistrust them, even completely
ignoring them.
As we show in section 3.2.1, the variance (covariance for multivariate systems) will
have two important effects on the filter:
Determine the weight that prediction and measurement will have respect to each
other over the estimation.
Determine the bandwidth of the filter.

3.2.4.1 Weighting
The size of the system covariance matrix respect to the measurement covariance
matrix will determine the weighting of the measurement update.
If we recall from section 3.2.1.2, the Kalman gain is function of the covariances from
system and measurements. In equations (3.9) and (3.10), repeated below, can be seen
the effect of each variance over the weighting.

3.60

In the case that we have a big measurement noise,

, the gain

is small,

meaning that we do not fully trust in our measurement. If we take the extreme case,
where

, the Kalman gain will be zero, meaning that the measurement will be

disregarded. This situation can be reached also if the covariance of the model is zero,
dropping the same Kalman matrix and disregarding the measurement. This later case
means that we fully trust in our model of the system, so we can ignore any measurement
and just go on simulating the system.
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If it is the dynamic system noise,
and so will

, the one that is large, then

will be large,

, meaning that we do not trust in the system model. In the extreme that
, the Kalman gain will be 1, and then the best estimation will be the value

of the new measurement. This is the limit of absolutely no trust in the system model.
This situation will be reached as well if the measurement covariance is zero, meaning
this that the measurement is perfect, so we can trust in it alone.
In multivariate systems it works the same way. We just have to extend the variance
to covariances matrices, where the size of each covariance with respect to the others
will determine weight of its corresponding measurement or estimation.

3.2.4.2 Bandwidth
The bandwidth of the filter will be determined by the size of the measurement
covariance matrix, R.
If we have a very high variance in a measurement, we will not trust a lot on it. It will
not give us a lot of information. Nevertheless, as we saw in section 3.2.1.1, every
measurement contains a certain amount of information. How much it will affect the
current estimation we have will depend on the size of the variance, that is to say, the
quality of the measure.
If the variance is high, its weight respect to the estimation will be low. Instead, if the
measure is good and thus its variance is low, the weight of this measurement will be
high.
This means that with high values for the covariances, the filter will be very
responsive to the measurements: it will trust in them, showing a high bandwidth.
Conversely, when the covariances are low, the filter will not be very reactive to the
new measurements. It will follow the measurement anyway, but much more
measurements will be necessary to move the estimation, which means the filter will
have a low bandwidth.

3.2.4.3 Model mismatch
The system covariance matrix, Q, is often used in estimation with Kalman Filter to
deal with model mismatches.
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If we are not so sure of the model parameters, or even the own model, giving some
value to the system covariance matrix will help to overcome these uncertainties.
Some uncertainty in the model will let the estimations follow the measurements even
in spite of the model mismatch. This is also referred to as fictitious process noise
(Simon, 2006), and basically consists on giving less confidence to the model through
uncertainty.

3.2.4.4 Difficulty to tune
The covariance matrices tell us the information about the quality of the model and
the measurements.
Usually this information is not easy to get. In any case some reasoning can be done
to give an initial values to these matrices, but is not after tuning them through
simulation and laboratory tests when the filter will show its best results.
This is a laborious work since usually there are many covariances, and the
simulations, depending on the system, can be quite heavy computationally.

3.2.5 Steady-State Kalman filter
In order to lighten the computational requirements of the Kalman filter, the steadystate Kalman filter is considered. This variation of the Kalman Filter performs nearly as
well as the original Kalman filter. A steady-state filter is used, avoiding the calculation
of the Kalman gain and the error covariance matrix each Kalman iteration.
The steady-state filter is still a dynamic filter, being static only the Kalman gain. For
this purpose, if the matrix covariances of the filter converge to a certain value, it could
be calculated offline.
To understand the purpose of applying this generalization of the Kalman Filter, it
will be first explained in its original development conditions.
If we have a linear time-invariant system, which process and measurement noise
covariances are time-invariant, we can write the system equation as follows
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3.61

Given these equations, the Kalman Filter equations (3.22), (3.40) and (3.45) can be
rewritten under the new assumptions as:

3.62

Where the matrix Pk+1 has been rewritten in a more efficient way regarding the
computational effort. It has been obtained as follows:

3.63

If we substitute in the a priori estimation of the error covariance matrix the a
posteriori estimation of the prior error covariance matrix in function of the prior
matrices, we get:

3.64

Now, if we do the same with Kk
3.65

This is the error covariance matrix update expressed in one step.
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If it converges to a static value, then we will have Pk+1=Pk for large values of k. If we
denote this value of Pk+1 as

, the one step covariance update expressed in (3.65) will

be:
3.66

This is a discrete algebraic Riccati equation (DARE). Once we have

we can

substitute it in the Kalman gain Kk obtaining the steady-state Kalman gain:
3.67

The Riccati equation does not converge necessarily to a steady-state value. There
will be systems where it will not converge or in which the convergence will depend on
the initial state P0. The convergence can be studied from numerical simulation or
analytically.

3.2.5.1 Applicability to our case
As we have seen, there exists the possibility to look for a steady-state solution when
our problem state-space representation is linear. But for our case, the stepper motor, we
are not that lucky.
In spite of this inconvenience, we can take advantage of the nature of the nonlinearity
concerning us. It is given by the mechanical part of the state-space representation of the
problem, so we can think that it will change over the time much slower than it will do
the electric part.
Our matrix for the Pk calculation will be the Jacobian instead of a fixed matrix. But
thanks to its slow variation we can update it less frequently than we will do with the
state estimation.
In the section dedicated to results of the simulation, it will be checked the influence
of calculating the Kalman and covariance matrices only once every some iterations on
the performance of the filter.
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3.3 Extended Kalman filter over the motor-cable system
In a first instance, the idea of applying the Extended Kalman Filter was over the
whole system cable-motor. For this purpose, and with the idea of the future DSP
implementation, a simplified model of the system was proposed.
This simplification consists on using the model of stages for the transmission line,
but using only one RLC stage. The equivalent circuit for this model together with the
electrical model of the motor is shown in Figure 3-5. An Extended Kalman Filter
implementation for this model will be now developed.

Figure 3-5 Cable plus motor phase electrical model

To get the state space model of this circuit, we start by writing the equations for the
loops and nodes applying the Kirchhoff’s laws (avoiding the function dependencies of
time and frequency to improve the legibility):

3.68

Doing some operations to get the derivatives:
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3.69

The back electromotive forces will be:

3.70

Taking into account the back electromotive force, the electrical equation can be
written now for both phases:

3.71

Now recalling the mechanic equations of the motor:

3.72

For the external torque estimation, the idea presented in (Persson, 2005) will be
followed. The external torque is treated as random with white normal distributed noise.
We assume it as a state driven by a noise α:
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3.73

Now we can set the state space representation of the motor. The states, inputs and
outputs will be:

3.74

The state space system equation, from (3.71), (3.72) and (3.73), following the
nomenclature established in (3.74) will be:

3.75
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In order to handle these equations in a simpler way, the following matrices of
constants are declared:

3.76

3.77
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Now we can rewrite the system equation in a more manageable way:

3.78

Now that we have the system, which is clearly nonlinear, the next step is to discretize
the equations. For this purpose, and for the sake of simplicity, a Forward Euler
Discretization is performed:

3.79

Where TS is the sampling rate. This approximation will be valid for little sampling
times compared with the system dynamics.
The discrete state space system equation obtained is the following:

3.80
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Finally we have our system represented by discrete-time nonlinear state-space
equations, which we can write as

3.81

Now we can apply the Extended Kalman Filter, for which the first step is to get the
Jacobian matrix of the process equation:

3.82

We have all the necessary elements to implement the Extended Kalman Filter for our
system.
This system has been tested in simulation and the results are good. The estimation
follows all the states. But the good performance of the filter depends on the frequency at
which it is executed. The criteria for this is in a first instance the same as for avoid the
aliasing when we are capturing signals. We have to simulate the system at least fastest
than its own dynamics, and for this filter that will be around 300 kHz, and is imposed by
the fast dynamics of the equivalent cable capacitance.
Execute the Extended Kalman Filter at this speed is unfeasible in real time, and other
approach is presented later on to avoid the cable dynamics.
The most relevant estimations, the angular speed and position, are shown in Figure
3-6 and Figure 3-7.
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Figure 3-6 Angular speed estimation

Figure 3-7 Position angle estimation
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The estimations are good but the filter is unstable when executing below 300 kHz.
This is the reason why no more attention is devoted to this proposition for the filter. It is
unfeasible to be implemented in a real time system. The one in the next chapter will be
further explained.

3.4 Extended Kalman Filter applied to the stepper motor
As it was shown in the previous section, it was not possible to take into account the
motor and the cable and have a feasible implementation of the filter in the DSP, while
keeping a good estimation.
In order to overcome those problems, a new scheme is proposed. The main idea is to
skip the fastest part of the complete system from the point of view of the Extended
Kalman Filter, and then apply this one only to the slower part.
This division is shown in Figure 3-8. The fast part corresponds to the cable, where
averaging will be used to get an approximation of the currents and voltages in the
motor. The slow part corresponds to the motor; where the mechanics are intrinsically
slow as well as the electrical part due to the motor winding.

Figure 3-8 Stepper motor and cable overall system scheme
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Now the two main parts in which the estimation procedure is divided are explained
in detail.

3.4.1 Extended Kalman Filter applied to the stepper motor
In this section the application of the Extented Kalman Filter over the stepper motor is
explained.
The first step is to get the state space model of the system. The system and its
variables are detailed in Figure 3-9.

Figure 3-9 Stepper motor phase electrical equivalent

From the electrical scheme of the phase, the next equations can be directly obtained
(avoiding the function dependencies of time and frequency to improve the legibility):

3.83
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Rearranging to get the derivative aside:

3.84

Depending on the phase, the back electromotive force will be:

3.85

Taking into account the back electromotive force, the electrical equation can be
written now for both phases:

3.86

Now recalling the mechanic equations of the motor:

3.87

As in the previous chapter, the external torque is treated as random with white
normal distributed noise. We assume it as a state driven by a noise α:

3.88
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Now we can set the state space representation of the motor. The states, inputs and
outputs will be:

3.89

The state space system equation, from (3.86), (3.87) and (3.88), following the
nomenclature established in (3.89) will be:

3.90

In order to handle these equations in a simpler way, the following matrices of
constants are declared:

3.91
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3.92

Now we can rewrite the system equation in a more manageable way:

3.93

Once again we have a nonlinear system, and the next step is to discretize the
equations. The Forward Euler Discretization is again used:

3.94

Where TS is the sampling rate. This approximation will be valid for little sampling
times compared with the system dynamics.
The discrete state space system equation obtained is the following:

3.95
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Finally we have our system represented by discrete-time nonlinear state-space
equations, which we can write as

3.96

Now we can apply the Extended Kalman Filter, for which the first step is to get the
Jacobian matrix of the process equation:

3.97

We have all the necessary elements to implement the Extended Kalman Filter for our
system. Now is time to explain what will be the inputs and outputs of our filter and how
it affects the equations.

3.4.2 Estimation of inputs and outputs for the EKF
In order to be able to use the Extended Kalman Filter obtained in the previous section
we need to give it the selected inputs and outputs.
In absence of cable, the inputs would be our control signal, that is to say the
calculated duty by the controller multiplied by the voltage of the power supply and the
outputs the currents read by the driver.
Since we have to deal with the presence of the cable, we will not have neither the
measuring of the currents, nor the input voltage of the motor. Instead, we will do a
simpler estimation of them, and use it as inputs and outputs in the Extended Kalman
Filter.
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For the sake of computational feasibility, the average of current and voltage in the
terminals of the motor will be used. This average will be calculated over each chopping
period, taking the advantage of the slower bandwidth of the motor. The validity of this
approximation is due to such difference of the bandwidth between the equivalent system
of the cable and that of the motor. For the motor system, the 50 kHz chopping
frequency, and thus the sampling rate of the Kalman filter, will be enough to avoid
instability problems in the discretization.
To average the current in the motor we will take the advantage that the link between
the lines in the cable is capacitive, and in spite of the big instantaneous difference that
can be seen between driver current and motor current, the average current through this
equivalent capacitor will be null taking into account the whole chopping period.
To implement this averaging a FIR filter will be used over several samples each
chopping period to get the average current. A more complex and precise averaging such
trapezoidal integration will be implemented if the DSP computational power allows. So,
the estimated imot will be:

3.98

To get an approximation of the average of umot we will take advantage of the
averaged imot we already got. Following the Figure 3-10, we can get the following
equation for the average of

,

, over a sampling period.

3.99

Taking into account that

and using the average from (3.98), we get

3.100

Where
controller.

is actually the control action to apply calculated by the
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Figure 3-10 Motor - cable system impedances scheme

3.4.3 Setting the covariance matrices
In section 3.2.4 the importance of the covariance matrices was explained. The
selection of these values is not trivial at all, and however, they will be of extreme
importance for the filter performance.
In a first approximation, the values and reasoning given in (Persson, 2005) will be
followed to set the initial values for these matrices. This reasoning is based on the
knowledge of the system. It is know that the fastest dynamics will be for the electrical
part, the motor phase currents. Thus their covariance will be greater than those for the
mechanical part. Regarding the current measurements, their precision is that of the
measurement itself, so low values of covariance will be given.
So the starting values for Q and R where:

3.101
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To improve and adapt these values to our system, a simple script was made in Matlab
to test automatically different values and compare the quality of their resulting
estimation. Finally the best values for the simulated system where:

3.102

For the Matlab testing, a precise and heavy simulation of the system was performed,
recording the values that will be taken as Extended Kalman Filter inputs, outputs and
states. Then the Extended Kalman Filter is run with those inputs and outputs, and the
estimations compared with the recorded states. The sum and squared error sum of the
error will be the values to compare the quality of the estimation. With the sum we will
know if there is a drift in the estimation, and with the squared error sum, how noisy or
oscillating it will be around the real value.
This will be useful as well to tune the DSP implementation since actual values of the
real system can be recorded and the same procedure applied.

3.4.4 Simulation validation of the solution
Now the performance of the Extended Kalman Filter will be tried in simulation. To
do this, an accurate model of the system motor plus cable has been developed and
validated with the real system (Conte, 2006). This model consists on the Laplace
transforms modelling the response of the system to the drive signal as shown in the
introduction chapter.
The inputs and outputs to the Extended Kalman Filter will be the estimations
described in 3.4.2.
Several cases has been tried to assure the quality of the estimation under different
situations. Now the results are presented. In these simulations, fictitious noise has been
added to the current measurements to check a more realistic behaviour of the filter.
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3.4.4.1 No torque applied to the motor
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3.4.4.2 Step torque applied
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3.4.4.3 Square wave torque applied
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3.4.4.4 Sine wave torque applied
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3.4.5 Steady-State Kalman filter
To check the applicability of this method, it is necessary to know how different it
will be the Kalman gain and the estimation covariance if the matrix calculations and the
state estimation are performed at different rates.
To achieve this, representative numbers of the estimation covariance matrix will be
compared for different rates. The first of these numbers will be the condition number of
the matrix, which will give us a measurement of how good conditioned is the matrix. A
matrix with high values of the condition number has the information unequally
distributed. Some of the values of the system that it represents will have less
information than others and thus they will be more difficult to estimate. In the extreme,
as it approaches to ∞, the matrix will approach to a singular matrix. The second number
will be the trace of the matrix, allowing us to see in rough terms if the main terms of the
matrix vary in size. With these two numbers, we can have an idea of how much are the
matrices changing with the time.
Recalling section 3.2.5, the one step equation for the covariances calculation was:

3.103

For linear invariant systems this equation may or may not converge. Adapting this
one step equation to our case, we got:

3.104

It is clear that no steady state value is achievable, since there is a dependence with
. Nevertheless, as explained in section 3.2.5, the variation of the Jacobian

is

associated only to the mechanical part of the system, and therefore will vary slowly
compared to the electrical magnitudes.
No steady state will be possible, but compared to the frequency of the Extended
Kalman Filter execution (expected between 25 and 50 kHz), the Jacobian will look like
a static matrix for many iterations, and we will be able to have a good state estimation
even calculating this only once every several cycles.
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To verify this some test have been performed. In Figure 3-11, Figure 3-12 and Figure
3-13 a representative value of the estimations is shown, respectively for slow rates equal
to 1, 5 and 10. The slow rate is the proportion between Kalman cycles and matrices
update. In other words, for slow rate 5, the matrices will be calculated one out of five
cycles.
Looking at the results, specially the mean and the standard deviation, it is not worse
at all with high slow rate. With slow rate 10 it get a little worse, but for 5 is very close
to 1 (normal filter operation).
In Figure 3-14 and Figure 3-15 the evolution of the condition number of Pk is shown.
It can be seen how the increasing slow rate makes this evolution slower. It takes more
time to reach the steady bounded values. Once within this state, the condition number
evolves in the same way for any rate, but the highest the slow rate, the slowest the
condition number (the matrix varies slower).
In Figure 3-16 and Figure 3-17 the trace of the matrix Pk is shown. The behavior is
similar to the one of the condition number. For all the slow rates tested, it only changes
the speed of its evolution.

Figure 3-11 Angular position estimation with slow rate 1 – Normal operation of the filter
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Figure 3-12 Angular position estimation with slow rate 5

Figure 3-13 Angular position estimation with slow rate 10
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Figure 3-14 Condition number of matrix Pk for a long run

Figure 3-15 Closer look of the evolution of the condition number of matrix Pk
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Figure 3-16 Trace of matrix Pk for a long run

Figure 3-17 Closer look at the trace of matrix Pk
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4 Conclusions and Outlook

Chapter 4
Conclusions and future work
The aim of this work was to improve the repeatability in the positioning and the
reduction of the electromagnetic emissions for the stepping motors in the collimation
system.
The drive developed has shown better results than the best commercial solution, even
when this one has been adapted to deal with the specific problem. The drive has
overcome the repeatability with all the cable lengths. The emissions has been reduced
compared to the commercial solution, and the limitation for the implemented cable
lengths by fixed resistance values in the analog filter has been overcame by the
measurement of the length from the drive, adapting the filter and the controller to the
measurement. Several security systems have been added as well. The drive is fully
operational and under reliability tests at the time this report was written. Furthermore,
the flexibility of the DSP programming gives it a great potential for future
improvements.
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Regarding those possible improvements, the first step has been done in the second
part of this work. Since no means to measure directly the motor’s shaft position, a well
known estimation technique has been proposed, developed and tested in simulation: the
Extended Kalman Filter. The results of the simulation are really promising, showing
that the angle estimation is very accurate in spite of the noise in the measurements, the
uncertainty in the model and the unknown external torque applied.
Furthermore,

several

simplifications

have

been

proposed

to

the

typical

implementation of the filter to have the possibility of the real time implementation on
the DSP drive. The first has been to avoid the fastest part of the system using a simpler
but efficient estimation, and using that estimation as inputs and outputs of the filter. The
second modification has been the approach to the steady state Kalman Filter. Our
system is non linear, so actually is not possible to apply this principle, but we can profit
from the fact that the working frequency of the designed filter is much higher that the
nonlinear dynamics of the motor, since those are due to the mechanical part, and
execute the heavy matrix updating once every several cycles, reducing a lot the
computational cost.
The behaviour of the estimation has shown to be good with any kind of external
torque applied to the motor, being this estimated in a few tens of milliseconds whilst the
angle estimation quality was maintained.
The foreseen work is in first place use the proposed Extended Kalman Filter
estimation to close the control loop over the angle. Once the angle is available the Field
Oriented Control can be applied with a Linear Quadratic controller. Once this is
validated in simulation, it will be implemented in the DSP Drive, where code
optimization will be the major issue.
Further research in the modifications of the Extended Kalman Filter is foreseen as
well. Some trends look appealing in order to accelerate the torque estimation. One is
working with variable covariance matrices in the proposed scheme. Other is to consider
the torque as an external unknown input and take advantage of the knowledge of how
this input affects the system, from the inputs to the outputs, to associate any bias in the
error of the a priori estimation with this unknown input.
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