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Abstract

Field-oriented control is a technique used for high performance control of induction machines.
It requires the actual value of the electro-mechanical torque, velocity and machine parameters
as essential information. The indirect field-oriented control method employs a mathematical
model of the induction machine to calculate the required rotor flux from easily measurable
signals. The method requires accurate knowledge ofthe model parameters, which are machine
dependent. As the machine parameters vary with time they should be estimated on-line.

The model of induction machines with input-output representations is non-linear. Parameter
estimation based on non-linear models is possible, but it involves a large computation time.
Parameter estimation based on non-linear models is in general not possible for on-line appli
cations. However by transforming the measured data the use of prediction error identification
methods is enabled.

On-line implementation of prediction error methods leads to recursive identification algo
rithms. Traditional algorithms suffer from several different problems which have to be over
come. First of all the identification algorithm must be able to track parameter changes.
Traditionally some kind of forgetting is introduced. By using a forgetting factor>. in the least
squares criterion, old information is slowly forgotten as it is less representative for the current
status of the system. This involves a second problem known as covariance wind-up or blow
up. When the input signal is not sufficiently exciting, the traditional forgetting algorithms
become extremely noise sensitive. The third major problem with recursive identification is the
influence of large incidental disturbances known as outliers or spikes. Hence, the algorithm
must be made robust for outliers as well.

In this report a recursive identification algorithm is developed, which deals with these prob
lems. It is based on the Selective Forgetting method. In combination with a robust identifica
tion algorithm it deals with all three problems mentioned above. It is suitable for linear and
non-linear regressions. Simulation results are presented which show that the algorithm has
the required properties. The algorithm has been implemented on a DSP-PC system and has
been tested on two first order RC-networks. The presented measurement results show that
also in practice the algorithm works fine. Finally the algorithm has been used for estimation
of m~chine parameters.
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Chapter 1

Introduction

Induction machines are well-known for their simple and robust structure. They are widely
used in fixed velocity operation for medium and large power applications. As a result of the
development of modern control techniques they can also be used in drive applications where
velocity and/or position control is needed. In figure 1.1 a block scheme of an electromechanical
drive system is given.

Induction
1======1 Converter R+=1 MachineL...-__.....

Switching
Commands I

U

Controller

Parameter
Estimator

arameters

Mechanical
Velocity
Measurement

Figure 1.1: Block scheme of an electromechanical drive system

Induction machines
An induction machine, or asynchronuous machine, consists of a rotating part, the rotor, and
a static part, the stator. The rotor consists of a number of shorted, not accessible windings.
The stator windings are fed by a power source, in general a converter. Electrical energy is
transferred from the stator to the rotor as in an ordinary transformer, by means ofthe mutual
flux of both windings. When the rotor turns slower than the applied stator field a voltage is
induced in the rotor windings. Due to the resistance of the rotor windings a current starts to
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flow. In combination with the magnetic field which crosses the airgap, an electro-mechanical
torque is produced, according to Lorentz's law. This torque initiates a mechanical rotation
of the rotor.

Power converter
Most electrical drives are fed by a converter. Such a converter is based on electronic switches
and forms a controllable voltage or current supply. It delivers the fundamental frequency woo
Due to the finite switching frequency, also some switching harmonics are generated. These
have a negative impact on different aspects, such as torque ripple, power losses, semiconductor
stress and noise. However they can be used in advantage during identification.

Field Oriented Control
Field-oriented control is a high performance control approach and decouples flux and torque
control. To perform this decoupling it needs an accurate estimate of the rotorflux position.
The indirect field-oriented control scheme employs a mathematical machine model, which is
excited by easily measurable machine quantities. The model generates an estimate of the rotor
flux, provided the model parameters equal the machine parameters. This scheme is preferred
to the direct field-oriented control scheme, which uses complex measurement techniques to
sense the rotorflux.

Parameter estimation
As the machine resistances are strongly temperature dependent and the values of the induc
tances are, due to saturation, operating point dependent, they should be estimated "continu
ously" Le. on-line. In [4] a parameter estimator which identifies the induction machine model
parameters based on measured stator phase voltages, currents and mechanical velocity has
been developed. The designed parameter estimator uses a prediction error method to iden
tify on-line the parameters of a dynamic linear input-output model based on input-output
measurements. Prediction error methods minimize the difference between the real measured
output and the model output based on the same input signal. The model parameters can
be found by minimizing the sum of squared prediction errors if the input signal provides
sufficient excitation of the system.

On-line implementation of prediction error methods involves several different problems which
have to be overcome. First of all the identification algorithm must be able to track parameter
changes. Traditionally some kind of forgetting is introduced. By using a forgetting factor >.
in the least squares criterion, old information is slowly forgotten as it is less representative
for the current status of the system. The well known exponential forgetting method is based
on this principle. This algorithm can track parameter variations but suffers from another
problem known as covariance wind-up or blow-up. When the input signal is not sufficiently
exciting, the algorithm becomes extremely noise sensitive and the estimates may become
heavily disturbed. The third major problem with recursive identification is the influence of
large incidental disturbances known as outliers or spikes. In off-line identification they can
relatively easy be removed, by clipping the data (peak-shaving). However this is not just
applicable in on-line identification. Hence, the algorithm must be made robust for outliers as
well.
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Implementation
Common sample frequencies used in control of induction machines, lie in the order of 10 kHz.
Digital Signal Processors (DSP) with their special architecture and instruction set are very
suitable for this kind of fast data sampling and processing. At the measurement and control
group of the department of electrical engineering at the Eindhoven university of technology
a DSP-PC system is available for this purpose. The system forms a real-time environment
in which data can be logged to harddisk, data and signals can be displayed on screen and
parameters can be set. The algorithm has to be implemented on this system.

Outline thesis period and report
The first step was to enhance the knowledge of recursive identification algorithms. Literature
has been studied and the latest algorithms with the best (claimed) properties have been
selected. These algorithms have been studied with the aid of simulations in MATLAB. By
combining different algorithms a general recursive identification algorithm has been developed.
This algorithm deals with the problems mentioned before. For implementation on the DSP
PC system, the algorithm had to be rewritten in ANSI-C. Before the algorithm was used
for parameter estimation of an induction machine it has been tested on two first order RC
networks. This had the advantage that the true parameter values were (approximately!)
known and that possible failures were relatively easy to detect. Also some measurements on
speed performance have been done.

The outline of the report is as follows: In chapter 2 the machine model is discussed as well
as the estimation procedure. After a brief discussion on off-line identification, the recursive
on-line identification algorithm is derived in chapter 3. Simulation results of the algorithm
are presented in chapter 5. The measurement results are presented in chapter 6. Conclusions
and recommendations can be found in chapter 7.



Chapter 2

Identification Procedure

In this chapter a description of the parameter estimator as developed in [4] is given. The
used machine model is given and the identification procedure is discussed. In the last section
of the chapter some aspects of data preprocessing are highlighted.
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2.1 Machine Model

A dynamic model that allows prediction of transient as well as steady state behaviour of
converter-fed induction machines is given in this section. Modelling provides the required
insight necessary for the design of identification algorithms. Further a sufficiently accurate
model can be used for simulation purposes and design and evaluation of alternative parameter
identification algorithms.

For identification the stator terminal voltages (Ua, Ub and Ue ) and currents (la, Ib and Ie)
have to be measured. They can be represented as complex time signals. The source voltage
U, E C and stator currents I. E Care

with

Uset + jU,[3

I set + jI,[3

(2.1)

(2.2)

where USC" I sc){ denote the real parts and U.[3, 1,[3 the imaginary part of U. and I, respectively.

In general the flux linkage between the stator and rotor windings is modelled by the following
set of equations, where it is assumed that the magnetic circuit is linear.

(L q , +Lmag)I, - LmagIr
LmagI, - (Lmag +Lqr )Ir

and the mathematical flux is defined as the time integral of the voltage U.

w(t) = w(to) +it U(r)dr
to

(2.3)

(2.4)

The stator leakage inductance L q " the rotor leakage inductance L qr and the mutual induc
tance Lmag are lumped parameters of internal electromagnetic features of the machine. By use
of a simple change of variables, a mathematical equivalent circuit with only two inductances
can be derived. This leads to the locked-rotor model of figure 2.1
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Figure 2.1: General per phase locked-rotor model

9

This model is actually more complicated than necessary. As three dependent buffers of
magnetic energy can be described by two independent buffers that yield the same impedance.
A new set of rotor variables related to the original set by a constant factor k can be introduced.

w*r
1*r (2.5)

When k is chosen as

k = Lmag

Lmag +L qr

then substitution in 2.3 gives after some manipulations

where L q is the total leakage inductance, defined as

and L m the main inductance, defined as

This transformation is visualised in figure 2.2

(2.6)

(2.7)

(2.8)

(2.9)
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Figure 2.2: Equivalent flux linkage models with identical port impedances

The change of variables can be considered as equivalent to transforming these variables across
an ideal transformer of ratio k, as depicted in figure 2.2. Any circuit element connected to
the secondary side of this ideal transformer can be transformed to the primary side. From
the stator side only two inductances Lm and La and the effective rotor resistance Rr as it
appears at the primary side of the ideal transformer can be estimated and distinguished.

(2.10)

To incorporate the dynamic behaviour of the induction machine an Ideal Rotating Trans
former (IRTF) is introduced. The IRTF is a multi-port transducer and describes the relation
between stator, rotor and mechanical quantities. The mechanical rotor displacement angle
Om defines the angle between the stator and the rotor coordinate system. The IRTF models
the power transfer to the mechanical section as well as the effect that the rotor reference
frame rotates with respect to the stator reference frame. Time signals can now be repre
sented in either stationary stator coordinates, denoted by the superscript S or in revolving
rotor coordinates, denoted by R. In complex notation the IRTF can be described by:

I R = I S e- j8m
• •

WS wR ej 8m

• •
Me -Im(1;W;) = -Im(l~W~)

(2.11)

where the bar denotes complex conjugated transposed. As an IRTF maintains algebraic
flux-current relations, a frequency independent inductor on the stator side can be modelled
arbitrary well at the rotor side. The observable mechanical behaviour and the behaviour at
the stator terminals is left invariant. The complete dynamic model is given in figure 2.3
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IRTF
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Figure 2.3: Dynamic machine model

All machine parameters except the stator resistance R, are modelled at the rotor side. The
stator impedance Z, equals R,. Then the stator flux at the stator side of the IRTF becomes

(2.12)

The voltage UR on the rotor side of the IRTF is by definition the time derivative of the flux
'l!R on the rotor side:

(2.13)

or

(2.14)

In the Laplace domain. The rotor impedance Zr represents the serial connection of the
leakage inductances L o and the parallel combination of the main inductance L m and the
rotor resistance Rr •

UR( ) LmL" S +1
Z ( ) = _,_s = (L +L ) Rr(L,,+L m )

r S IR(s) 0 m S bn.s +1
, R

r

(2.15)

Thus in rotor coordinates the relation between the stator flux and the stator current is given
by the linear transfer function

R( ) RrLm R R'l!, s = Lo + L R I, = G(s)I,
m S + r

This transfer function will be used in the estimation procedure.

(2.16)
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2.2 Indirect Field Oriented Control

High Performance control of an electromechanical drive requires manipulation of the elec
tromechanical torque independent of the rotor velocity. Furthermore, to utilize the induction
machine efficiently, the rotor flux in the machine should be kept at a prescribed level. For AC
drives torque is a non-linear function of fluxes and current, which gives difficulties to attain
torque control. Field Oriented Control allows decoupling of flux and torque control. In case
of impressed stator current I., which can also be achieved by current feedback of a voltage
source inverter, the stator current I. can be considered as a direct controllable input.

\\P
~ .1-__-L _

a axis

Figure 2.4: Field Oriented Control

The rotor flux can be written as

(2.17)

The stator current I. should have a constant magnetizing component 1m with magnitude
proportional to the desired rotor flux magnitude. The torque Me as function of the stator
current and the rotor flux Wr an be written as

(2.18)

because the rotor flux Wr equals LmIm. The stator current can now be forced to have a
component I r which is perpendicular to the rotor flux vector Wr • The magnitude of this com
ponent can be made proportional to the demanded torque Me while the rotor flux magnitude
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-qIr is held constant. The required instantaneous stator current is the vector sum of these two
components as depicted in figure 2.4. For decoupled control of the rotor flux magnitude and
the machine torque, the rotor flux angle p with respect to the stator axis should be accu
rately known. In indirect field oriented control the rotorflux is reconstructed from current,
voltage and mechanical position (speed) measurements with the aid of black box identification
techniques.

2.3 Identification of rotor parameters

The dynamic machine model, which relates the measured voltages, currents and mechani
cal position is non-linear. Identification, and particular on-line identification, for non-linear
models is considerably more complex and time consuming than identification based on linear
models. One way to simplify the identification problem is to separate the identification of the
stator resistance R. and the rotor parameters in rotor coordinates. The flux W~ and current
I~ on the rotor side ofthe IRTF can be calculated from the measured terminal voltages, cur
rents and mechanical position if R. is known. Fortunately R. is relatively easy to obtain, by
injecting a DC voltage or by performing other preliminary off-line identification experiments.

In rotor coordinates the relation between flux W~ and current I~ is given by a linear transfer
function

(2.19)

The corresponding discrete transfer function is

(2.20)

The discrete coefficients are functions of the physical parameters and the sampling time T•.

(2.21)

(2.22)

(2.23)

These parameters can be estimated with linear black box identification methods.

When the discrete parameters are estimated, the rotor flux W~ as used in field oriented control
can be reconstructed either with a voltage model (vm) or a current model (em).

q,~m W~ - boltt

- R (b1 - boa1)qIR
Wrom •

1 +alq

Reconstruction of the rotor flux W~ from U: requires careful calibration, offset compensation
etc. Current measurements are less sensitive to measurement errors and noise. Together with
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the fact that prediction error methods assume only additive output-error noise, Ifl will be
chosen as input signal for identification.

The physical coefficients can be reconstructed with the inverse transformations of the equa
tions (2.21).

2.4 Data-Preprocessing

The identification algorithms, which will be discussed in the next chapter require "neat, clean"
data. Possible deficiencies in measurements such as

• Drift and Offset, low frequency disturbances

• Occasional bursts and outliers

• High frequency noise (e.g. due to sensors and AD-conversion)

can cause problems at the estimation. In general the following data-preprocessing steps have
to be performed to shape the raw measurements into data suitable for the identification
algorithms.

• Detrending to remove offset and low frequency disturbances

• Clipping to eliminate data outliers

• Low pass filtering to reduce the noise influence

Another important data preprocessing task is the reconstruction ofthe flux 'lJ~ and the current
Ifl in rotor coordinates from the measured voltages U.s, currents I: and motor position Om

e- j9 ... IS
•

e- j9
... ('lJ;(O) +it (U:(r) - R.I:(r))dr

(2.24)

(2.25)

Reconstruction of 'lJ~ requires knowledge of 'lJ~(O) and the integration step has to be per
formed properly. The data pre-processing steps can be performed on a computer, but a
hardware implementation is preferred. It saves valuable computation time, with all advan
tages for a real time implementation.

For a more thorough treatment of the data-preprocessing steps is referred to [4].



Chapter 3

Identification Algorithms

A good model must be able to predict the behaviour of the process. The quality of the model
can therefore be expressed in terms of it's prediction capacity. One can calculate a future
output and compare this with the actual output. The error between real and predicted output
is then a measure for the quality of the model. The Prediction Error Methods (PEM's)
are based on this principle. As the machine parameters vary with time, the identification
algorithms must be able to track these parameter changes. This leads to on-line identification,
with so-called recursive algorithms. After a brief discussion of prediction error methods and
off-line identification, on-line identification is discussed. Specific problems such as presence
of noise, outliers and poor excitation are treated. A general recursive identification algorithm
which is able to deal with these problems is derived.
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3.1 Prediction Error Methods

The dynamic properties of a system can be extracted from the observed input and output,
which are sampled with a sampling time T.. The measured output of the system will be
denoted by Yt and the input by Ut. A model set M has to be selected, specifying the class
of candidate models from which an optimal model will be identified. The parametrization
determines the specific relation between a parameter vector 0 E lD and a specific model within
the model set. lD denotes the parameter set to which the parameter vector 0 is restricted.
This report considers only linear single input single output (SISO), finite dimensional model
sets parametrized by polynomials in the back-shift operator q-l. The optimal model within
the selected model structure is the model with the parameter vector ON that minimizes a
criterion function VN ( 0).

(3.1)

A standard model set which is often used in black box identification is given in figure 3.l.
The process output is described by

Yt = G(q,O)Ut +H(q,O)et = G(q,O)Ut +Vt (3.2)

where the polynomial G(q,O) represents the process model and H(q,O) the noise model. Both
transfer functions are proper. H(q,O) must also be monic and minimum-phase, i.e. it has
a stable inverse. et is zero mean white noise. The one-step ahead prediction is obtained by
filtering the input-output data through the following linear input-output finite dimensional
filter [1], [4].

(3.3)

e,

H(q,9)

G(q,9) + y,

Figure 3.1: Standard model set
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The coefficients of the polynomials G and H are collected in the parameter vector (). The
prediction error Ct is defined as

(3.4)

where Yt( Ot-d is the one-step ahead prediction of Yt, based on the model obtained in the
previous step (Ot-d.

The general model is seldom used. Usually some of the polynomials are set to unity. In this
report only the Auto Regressive with eXogenous input model (ARX) and the Output Error
(OE) model will be considered in more detail.

ARX-model
The ARX model is defined as:

This yields

B(q)
G(q, ()) = A(q)

1
H(q,()) = A(q)

(3.5)

(3.6)

where the polynomials A and B are defined as

1 +alq-l + +an.q-n.

bo+ b1q-1 + + bnbq-nb
(3.7)

(3.8)

The model can be written in linear regression form:

with regression vector </>:

and parameter vector ()

The ARX model is linear from input to output and linear in the parameters.

(3.9)

(3.10)

(3.11)
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OE-model
The OE-model is defined as:

B(q-l)
---'--"--...:....Ut
F(q-l)

Wt + et

This yields

B(q)
G(q,O) = F(q)

where

H(q,O) = 1

3 - Identification Algorithms

(3.12)

(3.13)

(3.14)

bo +b1q-l +'" +bnbq-nb

1 +!lq-l +... + !n/q-n/

(3.15)

(3.16)

This model can also be written as a (pseudo-) linear regression:

(3.17)

Here the parameter vector 0 is defined as:

(3.18)

and the regression vector </>t is:

(3.19)

The OE model is linear from input to output, but non-linear in the parameters. The prediction
error is the difference between the measured output and the model output.

3.2 Off-line Identification Algorithms

3.2.1 Linear Least Squares

Off-line identification often uses a quadratic criterion given by (3.20). It can be interpreted
as a minimization of the error between the "predicted" output Yt and the measured values Yt
of the output.

(3.20)
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where Ct = Yt - fit. When a batch of N data points is collected and preprocessed, the criterion
is a real scalar valued function of the parameter vector (). If Yt is linear in the parameters (for
FIR and ARX models) the criterion can be minimized analytically. In the optimal solution
ON, the gradient of VN(()N) with respect to () is zero:

(3.21)

This yields for ()

(3.22)

provided that the inverse exists.

3.2.2 Pseudo Linear Least Squares

For models such as OE or ARMAX Yt will be non-linear in (). Then the minimization problem
becomes more difficult. The off-line estimate ON is obtained by minimizing VN(()) with a
numerical minimization routine [4]. Usually the Newton-Raphson algorithm is applied:

(3.23)

Here O~ denotes the estimated parameter vector after i iterations and 0: the stepsize. V~ is
the first derivative of the criterion function with respect to the unknown parameter vector.
It is given by

(3.24)

where

(3.25)

is the gradient of the prediction error. VJJ is the second derivative and becomes

(3.26)
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In the neighbourhood of the optimal value the prediction errors are independent and the
expected value of the last term in (3.26) will become zero. An often used approximation of
VNis therefore (Gauss-Newton approach)

(3.27)

This yields for the new search direction

(3.28)

In the foregoing can be seen that the gradient 7/Jt( B) plays an important role in the iterative
search methods. It can be obtained by filtering the regression vector [9].

For the ARX model the gradient becomes

(3.29)

where the regression vector is defined by (3.10). Here the gradient is independent of Bt , which
is a useful advantage of the ARX model.

For the output error model the gradient is given by

(3.30)

where the regression vector is defined by (3.19)

3.3 On-line Identification Algorithms

Models in real time can be obtained by recursive identification algorithms. By 'recursive'
is meant that, at time t, the algorithm produces a model by processing the data measured
at time t in fixed (t-independent) and finite number of arithmetic operations, using prior
information condensed into a fixed (t-independent) and finite memory space [7]. This is
necessary to satisfy the real time demands. An approach to recursive identification is to take
an off-line method and modify it, so it becomes recursive. An example of this approach is the
recursive least squares method.
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3.3.1 Recursive Least Squares
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For an ARX model a recursive identification algorithm is relatively easy to obtain. The opti
mal solution in the off-line case (3.22) can be written recursively. Introducing the covariance
matrix Rt

(3.31)

From this definition directly follows

From (3.22) follows

t t-l

L tf>kYk =L tf>kYk + tf>tYt = Rt-10t- 1+ tf>tYt
k=l k=l

Combining these equations with (3.22) yields, after some manipulation

The algorithm is summarized below.

(3.32)

(3.33)

(3.34)

(3.35)

(3.36)

(3.37)

This algorithm can be written in an equivalent form by using the matrix inversion lemma.
This has the advantage that in implementation for a SISO system only a scalar (1 +tf>T Pt- 1tf»
has to be inverted instead of a matrix. With Pt = R"t 1 this yields the algorithm below.

Algorithm 3.3.1 Linear Recursive Least Squares
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3.3.2 Pseudo Linear Recursive Least Squares

As stated before, Yt will be non-linear in () for models such as OE or ARMAX. Then the
minimization problem becomes more difficult and no exact recursive method can be derived.
The off-line estimate Ot is obtained by minimizing Vt(()) with a numerical minimization routine.
This numerical minimization requires several iterative passes through the whole dataset. So
it cannot be used in a recursive algorithm, which requires a memory of fixed size. However a
recursive method which determines approximations of Ot can be derived [8].

Consider the more general model structure (3.38)

(3.38)

where ()~ is the real value of the parameter vector () at time t. Suppose an approximation ();
of ()~ is available. Then, by using the mean value theorem, can be written:

(3.39)

where (t isa value between (); and ()r Here 'l/Jt(()) is the gradient of Yt(()) as defined by (3.25).
Normally, 'l/Jt((t) is unknown, but it can be approximated by 'l/Jt(();). In fact this results in a
first order Taylor approximation. A new, known variable Zt is introduced:

(3.40)

Using the expressions (3.40) and (3.39), (3.38) can be rewritten as

(3.41 )

This is a similar description as in the linear regression case (cf.(3.9)). The difference is that the
regression vector </> is replaced by the gradient 'l/J. A natural choice (); of a good approximation
of ()~ would be the previous estimate (); =Ot-l. Then the best prediction becomes Zt =0LI 'l/Jt.
The prediction error is the same as in the linear case since

(3.42)

Hence, an algorithm of the recursive prediction error type is obtained. As Ot-l comes closer
to ()~, the approximation involved will be arbitrarily good. In algorithm 3.3.1 only </> has to
be replaced by 'l/J.

Remark!: The followed derivation only makes sense if the approximation of 'l/Jt((t) by
'l/Jt(();) = 'l/Jt(Ot-l) is reasonable. This implies that the initial conditions must be "good".
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Remark2: A second approximation, which is not directly clear from the above derivation, is
necessary to determine Yt((J;) for an OE-model. Consider a first order OE-model. Then can
be written:

which becomes

Wl bOUl + blUo - flWO

W2 bOU 2 + blUl - flWl

bOU2 + blUl - fl(boUl + blUo - flWO)

etc.

Thus strictly speaking the whole dataset has to be known to compute Wt. This is not possible
for on-line applications. However the estimates of the previous step can be used. Computation
of Wt is then done in the following way:

Wl bo,oul + bl,ouo - il,OWO

W2 bo,l U2 + bl,lUl - il,OWl

etc.

The algorithm now becomes:

Algorithm 3.3.2 Pseudo Linear Recursive Least Squares

Et Yt - Yt (3.43)

J(t Pt-l'l/Jt
= Pt'l/Jt (3.44)

1+ 'l/JT Pt-l'l/Jt
Pt Pt- l - J(t'l/Ji Pt- l (3.45)

Ot Ot-l - J(tEt (3.46)
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3.4 Time varying systems

The algorithm developed so far is not suitable for a system with time-varying parameters.
If the input signal is rich enough, there will be a persistent flow of information. Then the
algorithm gain (J(t) tends to zero and the algorithm will not be able to track parameter
variations. Therefore the algorithm gain should have some lower bound. Methods developed
to cope with the time-varying aspect, all introduce some kind offorgetting, Le. discounting of
old data. Most of the algorithms can be seen as a special case of a general recursive forgetting
algorithm [11]. This algorithm for a linear regression is given below.

Algorithm 3.4.1 General Recursive Forgetting Algorithm

• Measurement update

• Time update

Otlt

F{It} (~Pt/t)

(3.47)

(3.48)

(3.49)

(3.50)

It is the information available at time t. (3.47)-(3.48) represent the update that can be
performed when a new measurement becomes available. Under gaussian assumptions, these
equations can be derived analytically (cf. algorithm 3.3.1). The measurement update is not
affected by the time variation of the parameters. When comparing (3.47) and the Newton
Raphson algorithm (3.23), it can be seen that these expressions are of the same type. Rt

(Pt = R;l) is an approximation of the second derivative of the criterion (as in the Gauss
Newton method). The gradient 1f;t of the prediction error is the same and also the prediction
error itself is a common aspect. The important difference is that in the off-line case the whole
dataset is used to update (). In the on-line case with every new measurement a new parameter
vector is calculated.
The matrix P reflects the confidence in the estimate. If the confidence in (}t is large, P should
be small, so that the parameter estimates will not change very fast.

The time update (3.49)-(3.50) is used to cope with the development of (}O between measure
ments. It is assumed that the values of (}O may change, but the direction of this change cannot
be predicted. The parameter estimate cannot be improved, while the connected uncertainty
has to be increased. So the confidence in the estimate decreases and P should be increased.
The time update can be derived analytically if the variation of (}O is modelled explicitly. How
ever, in most cases there is no a priori information for such a model. Normally it is then
simply assumed that (}O is approximately constant within a time horizon N ~ 1, and some
kind of forgetting is introduced via the choice of F {.}.
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Comparing Recursive Least Squares with the general algorithm, it can be seen that the time
update is given by

(3.51)

Here no forgetting is used.

3.4.1 Exponential Forgetting (EF)

The well-known exponential exponential forgetting (EF) method uses a forgetting factor A in
the criterion, which becomes

(3.52)

The forgetting factor A (0 < A ~ 1) puts a time-varying weight on the data. The smaller
the value of A the quicker the information of the previous data is forgotten. The algorithm
becomes:

Algorithm 3.4.2 Linear Recursive Least Squares with E;xponential Forgetting

Yt - Yt

Pt- 1 <Pt _ D A.
T - rt'l/t

A+ <Pt Pt- 1<Pt

~ [Pt- 1 - ](t<pTPt-d

Ot-l - ](tEt

(3.53)

(3.54)

(3.55)

(3.56)

By defining Ot 0* and Pt = Ptlt (cf. algorithms 3.4.2 and 3.4.1) it can easily be verified
that the time update is given by

(3.57)

The use of a scalar forgetting factor (which gives the exponential forgetting profile) involves
two different problems.

The first problem appears during periods where the information about the evolution of the
parameters is limited to certain directions (the input signal is not persistently exciting). If
old information is discounted uniformly in time and space, all information related to the non
excited directions will be gradually lost. As Pt is constantly divided by a factor less than
one, the corresponding eigenvalues of the matrix P will grow exponentially fast as t --+ 00.

This phenomenon is known as blow-up or covariance wind-up. Since the adjustment of the
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parameters is proportional to P, the algorithm becomes extremely noise sensitive. Even a
small excitation in a direction where the corresponding P elements are large may result in a
dramatic change of the estimates.
The problem is illustrated chapter 5, where some simulation results are presented. To prevent
blow-up, a time-varying forgetting factor can be applied, or some upper-bound for P must
be introduced.

The second problem is that with a scalar forgetting factor, it is impossible to use a pnon
information about parameter variations. For example it is known that some parameters vary
with time more rapidly than others. Then, if >. is tuned to the parameter with the most rapid
variation, estimation accuracy is limited for the others. If >. is tuned to the slow parameters,
the fast variations cannot be followed.
A method to overcome this problem is to modify the exponential forgetting algorithm by
introducing individual forgetting factors to different parameters, or more generally to differ
ent linear combinations of parameters. This enables adjustment of the forgetting factors in
accordance with knowledge about the rate of variation of the corresponding parameters. Also
a priori knowledge about the excitation of the different parts of the parameter space could be
used. An algorithm based on this principle is the so-called Selective Forgetting method (SF),
presented a.o. in [11]

3.4.2 Selective Forgetting (SF)

In the foregoing it was made clear that the parameter covariance matrix P should be bounded
from below and above. In the following the Selective Forgetting method is discussed, which
ensures that aminI ~ Pt+1lt ~ amc..'!. The method is based on the idea that information is
mainly discounted in directions that are persistently excited, i.e. the forgetting is non-uniform
in the parameter space.

Let the matrix Ptlt be written as:

(3.58)

where a}ltl ... , af1t are the eigenvalues of Ptit , (a}lt 2:: ... 2:: af1t) and vI, ... ,vi are the corre
sponding normalized eigenvectors. D t /t is a diagonal matrix containing the eigenvalues and
lltlt contains the eigenvectors.

In the EF method all eigenvalues are divided by >. in the time update:

(3.59)

The SF method uses an individual forgetting factor for each of the eigenvalues, making it
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possible to adjust the forgetting profile to the information pattern.

27

o< A~ :s 1 (3.60)

Then the update of the i-the eigenvalue can be written

(3.61)

The forgetting factor A~ can be chosen as a function of the amount of information received in
the direction vi.
If the input is PE, P and therefore the eigenvalues of P become small. On the other hand
when the input signal fails to excite a part of the parameter space, P and the corresponding
eigenvalues start to grow. Hence the eigenvalues (a:lt) can be seen as a measure for the amount
of information. When the forgetting factors A~ are chosen as an increasing function of a~ltl

the forgetting is automatically adapted to the amount of information available. Numerous
choices of A~ are possible. In [11] the following choice of A~ is suggested.

{

1
Ai = . . -1

t a' [a . + am.~-amin a' ]
tit m,n ama", tit

a:lt > amax

a~lt :s amax
(3.62)

where amax and amin are chosen by the user. In the initial phase where all eigenvalues of P
are much larger than ama., , the SF algorithm is identical to the RLS algorithm (A: ~ 1). Once
the eigenvalues become smaller than a max , they remain bounded between amax and amin as
proved in [11].

Implementation
Computation of the eigenvalues is too time-consuming for fast real-time applications. In
[3] a method to calculate the eigenvalues of a system D + pzzT is presented. Comparing
this with the update of p- 1 (d. equation 3.48) it shows that with p = 1, D = p- 1 and
z = <Pt the measurement update fits this system. This implies that when the eigenvalues of Po
are known, the eigenvalues in the following update steps can be computed recursively. The
method determines the eigenvalues by searching the roots of a polynomial. For a third order
system the roots of a third order polynomial must be computed and this requires a numerical
routine. This is still too time-consuming for fast real time-applications.

Fortunately with the current choice of the forgetting factors, the eigenvalues need not to
be computed. Once P has been captured between the spherical bounds, the update can be
implemented as a first order matrix polynomial. If

p

Ptlt = La~ltv;v;T = V;ltDtltyX
i=l

(3.63)
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(3.64)

with the choice of Ai according to equation (3.62) it follows for a~+llt:

(3.65)

Then Dt+ll t has the following form:

o

o o

o

(3.66)

This can be written as:

Substitution in (3.64) yields after some manipulation

As the eigenvectors are orthonormal this yields for the time update:

(3.67)

(3.68)

(3.69)

This way the computational requirements remain low. The algorithm in this form still uses
a forgetting factor for each eigenvalue, however it is not explicitly calculated. The value of
A~ depends on the eigenvalue a~ (cf. (3.62)). When the algorithm is started up properly
(aminI :S POlo = Plio :S amarI) the eigenvalues need not to be computed. The EF and SF
algorithms have been implemented in MATLAB and some simulation results will be presented
in chapter 5.

3.4.3 Outliers

Methods for parameter estimation are based upon observations and prior assumptions made
about the system. In practice, these assumptions do not always hold. Often there is a
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likelihood of large errors, called outliers, in the collected data from physical processes. There
are various reasons for this phenomenon, such as failure of transducers, analog to digital
conversion errors, large disturbances or problems in data transmission. Such errors are quite
large in magnitude and usually it is very difficult to pick them out before processing the
data, especially in an on-line situation. Most estimation procedures are extremely sensitive
to outliers. From the practical point of view, it is very important to use (and develop)
algorithms which can deal with these outliers successfully without producing bias in estimates,
while preserving good convergence properties.

In [2], a robust algorithm is presented which uses a convex function p(E) in the criterion. It
yields a robust recursive least squares method with modified weights.

The criterion becomes:

(3.70)

Here p is a piece-wise continuously differentiable convex function and Ek is the prediction
error Ek = Yk - <PIOt-l' The derivative of p(.) is given as

(3.71)

The optimal estimate of the parameters is then given by the solution of the following equation:

(3.72)

or

where

(3.73)

if Ek = 0
(3.74)

Following the normal procedure for deriving a recursive algorithm, the parameter estimate
can be given by

(3.75)

(3.76)
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(3.77)

The algorithm described above is very similar to the non-robust version. The main difference
is the weight 13k which depends on the prediction error. If the prediction error is larger (or
less) than some selected turning point tp, the weight 13t is less than 1, which leads to a smaller
algorithm gain, otherwise it remains 1. So 13t must be positive and smaller or equal to one. In
the regular least squares criterion p(£) = £2. This yields 13 = 1 \;f£. The influence function
~(-) which is introduced for reducing the effect of outliers on the parameter estimates, may be
chosen in several different ways. Usually it is a non-linear function ofthe residuals rather than
the linear function which is used in the normal quadratic criterion. In [2] several different
influence functions are suggested. The corresponding criterion functions are shown in figure
3.2.

Robust method 1:
The first method uses the following criterion function

( £ ) _ {tP£t let I > tp
P t - £~ I£t I ~ tp

The corresponding influence function is:

which yields for 13t

(3.78)

(3.79)

(3.80)

(figure 3.2a)

Robust method 2:
Another method for robustness presented in [2], does not update if the prediction error is
larger than the turning point.

p(£t) = {
0 I£tl > tp
£~ I£t I ::; tp

~(£t) = {
0 I£tl > tp
£t I£tl ~ tp

(3.81)

(3.82)
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which yields for f3t

f3 - {o let I> tp
t - 1 Ie t I ::; tp

(3.83)

This corresponds with a criterion function as in figure 3.2b.

Robust method 3:
The third method is regular clipping of the prediction error.
as in figure 3.2c.

It yields the criterion function

(3.84)

With this method f3t = 1 'Vet

tp ~£
(b)

p

r

(a)

p

r
\.

'.
...
\,

\

-tp

p

r

(c)

Figure 3.2: Different criterion functions for robustness (---)Regular Least squares
(-)Robust method

These influence functions ensure that 0 ::; f3t ::; 1. The robust algorithms have been imple
mented in MATLAB. They can be combined with the selective forgetting method. The robust
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part is then implemented in the measurement update while the time update still deals with
the time variation of the parameters. The measurement update in algorithm 3.4.1 is simply
replaced by equations(3.75)-(3.76). A proper choice of the influence function and the turning
point is quite difficult and depends on several different factors such as noise variance and
variance of the outliers. The more a priori information is available, the better the algorithm
can be tuned. Simulations have shown that method 1 has the best overall performance. The
other methods work fine when the parameter variations are not too large, but they can give
convergence problems when the initial estimates are bad. This will be illustrated in chapter
5.

3.4.4 Complete Algorithm

In this paragraph the resulting algorithm is summarized. The Selective Forgetting method is
combined with robust method 1. These algorithms were developed for linear regressions but
they can easily be extended for non-linear regressions as explained in paragraph 3.3.2.

Algorithm 3.4.3 Complete Algorithm

• Compute prediction

• Determine weight for robustness

{

tpSign(e.)

f3t = 1 e.

• Measurement update

• Time update

Ot+llt
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'ljJt is the gradient vector. Pt is the inverse covariance matrix. J(t is the algorithm gain. ()t is
the parameter vector. The measurement update can be performed when a new measurement
becomes available. It also deals with outliers by means of an extra weight (3t for robustness.
The time update deals with the time variation of the parameters. tp, Q max and Qmin are
algorithm variables to be chosen by the user. How to choose these variables is indicated in
the next paragraph.

3.4.5 Choice of the algorithm variables

The recursive identification algorithm developed in the previous paragraphs contains the
following parameters: Qmin, Qmax, tp. They must be chosen by the user and be tuned to the
system. The optimal choice of these parameters cannot be derived analytically. As usual
there will be a trade off between several desired properties of the algorithm. In this section
several items which must be considered are discussed.

Choice of Qmin and Q max

Once the eigenvalues of P are smaller than Q max they remain bounded: Qmin ::; Qi ::; Q max

Then (3.62) can be written in a somewhat more convenient form. Suppose Qi = kQmax with
.lliD..i.zL<k<1.
ama.x - -

Then it follows from (3.62)

Ai = Q_m_a_x _

(11 k - l)Qm in + Q max

(3.85)

If k is close to one, i.e. the eigenvalues are close to the upper-bound, Ai ~ 1. If k is close to
.lliD..i.zL,i.e. the eigenvalues are close to the lower bound, then
(X7J1QX

Q max .
----- ::; A' ::; 1
2Qmax - Qmin

(3.86)

The choice of Q max depends on the length of the periods in which Ut is not rich enough and
the signal to noise ratio. If Ut is not PE for longer periods or the signal to noise ratio is
small, a smaller upper-bound is desired. Equation (3.86) determines the lower values of the
forgetting factors.

The choice of Qmin will be a trade off between parameter tracking ability and noise sensi
tivity. The smaller the value of Qmin, the smaller the variance of the estimates (lower noise
sensitivity), but also tracking properties become worse.

A third aspect which must be taken into account is the difference between Q max and Qmin' If
it is small, the lower bound of the forgetting factors will be close to one. This influences the
tracking ability in a negative way. The minimum value of the forgetting factors is 0.5. The
suggested values in [11] (Qmin = 0.01, Q max = 0.1) have been used in the simulations and they
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appeared to be a good choice for high signal to noise ratios. Simulation results have shown
that they must be smaller in a more realistic situation.

Choice of the turning point
The choice of the extra weight and turning point is mainly determined by the noise variance,
the variance of the outliers and the amplitude of the signals. The first and the second aspect
will be demonstrated in chapter 5. The third aspect will be illustrated with an example.

The extra weight influences the measurement update. The input and output signals are
directly put in the regression vector. Suppose (3 is chosen according to (3.80) and the turning
point is small (in case of a low noise variance).

{

tpSign«,)

(3t = <,
1

(3.87)

For example the turning point tp = 5 and the prediction error Ct ::; 25 . Then (3t < 0.2 and
(3;1 ::; 5. But when the amplitudes of the signals are large, for example in the order of 102

then the second term of the denominator of the update equations (cf. algorithm 3.4.3) lies
in the order of 103 to 104 and the influence of the extra weight is negligible. Therefore the
weight must be scaled to the amplitude of the signals or the signals must be scaled. Scaling
of the weight yields for (3 :

(3.88)

where tp is the turning point and A is the amplitude of the largest signal in the regression
vector. This is not a continuous function. However it is expected that this will not cause any
problems. Another possibility is scaling of data. This is probably the easiest way as for a
practical implementation, the data has to be scaled anyway.

3.5 Asymptotic properties

For off-line identification properties like convergence and the like are well described. For
on-line identification this lies a little more complicated. Convergence proofs are difficult and
tedious. Often convergence can only be proved under very stringent conditions. The algorithm
developed in the previous sections is a combination of different recursive algorithms. Each
of those algorithms has the required convergence properties. The proofs can be found in the
literature and will not further be discussed here [11], [2].

In this paragraph some properties of the identified model are investigated. It is mainly
intended to introduce some notations and terminology [4]. A more thorough treatment of the
matter can be found in the literature, for example [1]. Attention is given to 'asymptotic bias
contribution', while 'variance contributions' and effects due to finite data-sets are neglected.
To perform some quantitative analysis, it is necessary to introduce some assumptions about



3.5 Asymptotic properties 35

the true system. Linear prediction error methods are based on the assumption that the
underlying system can be described by a linear input-output time-invariant parametric model:

k E Z (3.89)

where Go(q, 0) and Ho(q, ( 0 ) are stable, causal, real, rational transfer functions of the back
shift operator q-t, ek is zero mean white noise with variance a e • Yk is the measured output
signal and Uk the input signal with spectrum <.t>,,(w). The term Ho(q,Oo) represents the
additive disturbances Vk on the process output. The disturbance Vk has spectrum <.t>v(w) =
IIHo( e,w,60 )1I 2a;. H o(q, ( 0 ) is restricted to be monic and minimum-phase.

The limit cost function Voo(O) can also be expressed in the frequency domain [1], [4].

(3.90)

From this equation several important properties concerning the asymptotic bias can be de
rived, but first some conditions on the data have to be satisfied.

Conditions on data
To extract sufficient information from the data set some conditions have to be imposed on
the input signal. For unbiased parameter estimates Uk must be at least independent of Vk

and either Uk or Vk must have zero mean.

Furthermore the input must be "rich" enough to excite the dynamics of the process, such that
all parameters can be estimated from the data set. The input Uk is called persistently exciting
of order n if <.t>,,(w) is different from zero at least at n points in the interval -Wnyq < W S W nyq '
When Uk is persistently exciting (PE) of order n, only a maximum of n parameters can be
estimated from the data set.

Consistency properties
In analyzing the asymptotic properties of the process model G a distinction must be made
between the case that Go E M and the case that Go ~ M. The latter case is referred to as
approximate modelling.

Convergence results can be derived from the criterion function in the frequency domain, under
the constraint that the conditions on the input signal are satisfied. For ARX models (3.90)
can be written as

For DE models (3.90) can be written as:

(3.92)
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From (3.91) it becomes clear that ARX-identification suffers from the following two problems:

• The criterion function is shaped by an a priori unknown weight IIAW.

• The asymptotic result Boo depends on the noise contribution <I>v.

Consequently, even if Go belongs to the model set M, the estimated model is generally biased
due to the noise dependency of (3.91).

In the OE case, the estimated parameter vector Boo is independent of the noise contribution
<I>v. Hence the estimation is consistent if Go(q, B) is in the model set even when the noise
model does not correspond to the real noise process. Thus with OE models the identification
of the deterministic contribution G(q, B) is separated from the noise contribution v.

Approximate modelling
In practice the system to be identified is never in the model set M, Le. in general the estimated
model in only an approximation of the real system. This is called approximate modelling.

In this case no general consistency result can be given. However, for OE models the noise
model is fixed (H(q, B) = 1) and the dependency of the estimated parameters Boo is clear
from (3.92). Boo is that value of Bthat makes G(w, B) the best approximation of Go(w) with a
frequency weighting IIL(w)ll<I>u(w). This frequency weighting function determines how errors
in the different frequency regions are weighted. For those frequencies where IIL(w)lI<I>u(w) is
large, the relative importance of error terms IIGo(w) - G(w, B)I! in the total misfit is large and
consequently the estimated parameters will strive for a small error at those frequencies. For
other models, such as ARX models, the resulting estimate Boo is a compromise between fitting
G(w, B) to Go(w) with an unknown frequency weighting <I>uIlL(w)1I2/IIH(w)112 and fitting the
noise model spectrum to the error spectrum.

A clear effect of approximate modelling is hat the estimated parameters depend on the
weighted input spectrum. The pre-filter L(w) can be considered as a design variable which
can be used to shape the model fit in some relevant frequency regions. Note that minimizing
IIGo(w) - G(w,B)11 2in some frequency regions means that G(w,iJoo ) gives good prediction for
input signals mainly in that frequency region.

3.6 Model Validation

In system identification, model order determination and final model validation are important
steps, in order to obtain an adequate model.

Model order selection
The model order is strongly connected with model complexity. Overparametrized may be
unnecessary complicated whereas underparametrized model may be inaccurate. An over
parametrized model may describe the data set dependent noise. This means that for a dif
ferent data set, with another noise realization, the model will not be adequate. Therefore
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the obtained parameters, estimated on one data set, should be evaluated by second set. A
too large model will then show an increase of the criterion function VN(O). This method of
evaluating the size of a model set is known as cross-validation. In this report only first and
second order models will be considered.

Model validation
In situations where the model set M is not capable to describe the system exactly, the
question whether the estimated model can be validated is actually a question whether the
user is satisfied with the model. As consistency is out of the question, the decision whether
the model should be accepted or rejected depends on the chosen objective criterion. In fact,
the user can only show that the model is invalid. If the user is not able too invalidate the
model, the model is assumed to be valid.

Model (in)validation involves the evaluation of the prediction errors. It can be performed in
different ways:

• A subjective method is to compare the plots of the output Yk and the predicted output

ilk·

• An objective way to evaluate the model is to look at the independency of the input Uk

and the prediction errors ek' If there is significant correlation between the input and
the prediction errors, there is still information which could be explained by the process
model G(q, 0). Testing the independency of the input and the prediction errors provides
a basis for the decision whether or not to accept the model. A commonly used approach
is to normalize the correlation functions and finally test or all values lie within a 95 %
confidence interval.



Chapter 4

Implementation of the Algorithms

In this chapter the implementation of the algorithms is discussed. The MATLAB implemen
tation, which has been used for simulation purposes is discussed first. The final algorithm
which is used in the real implementation has been written in ANSI-C. This code has also
been tested in MATLAB with the aid of the "Mex"" user interface. Finally the algorithm
has been implemented in the DSP-PC environment. Only the most relevant parts of the code
are discussed here. The complete code of the final algorithm can be found in appendix B
The algorithm can be split up in several different parts.

l. Get Data

2. Compute Regression Vector <Pt

3. Compute Gradient Vector 'l/Jt

4. Compute Prediction fit and Ct

5. Compute weight for robustness, f3t

6. Measurement Update

7. Time Update

8. Shift vectors for next update

9. Goto 1

Implementation is discussed from these steps.
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4.1 Some definitions

For convenience the definitions of the different vectors are restated here.

ARX model

DE-model

In practice this yields

where
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(4.1)

(4.2)

(4.3)

(4.4)

(4.5)

(4.6)

(4.7)

(4.8)

(4.9)

(4.10)
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4.2 MATLAB

The basic structure of the implementation is analogous to that of RARX and ROE, available in
the Identification Toolbox of MATLAB. These algorithms had to be adapted for estimation of
bo, which is assumed to be zero in the conventional algorithms. Implementation in MATLAB
is rather straightforward as matrix manipulations are built-in functions. Steps 1,2 and 8 are
not further discussed here.

3. Compute gradient vector
The gradient vector has to be calculated in case of an OE-model. It is a filtered version
of the regression vector. The filtered versions of Ut and Wt are denoted by util and wtil
respectively. They can be computed by use of a vector multiplication and proper indexing.

util=u-theta(1:nf)'*grad(nf+2:npara);

where nf is the order of the F-polynomial and npara the number of parameters.

4. Compute Prediction and Prediction error

yh=phi(ii)'*theta;
epsi(kcou,l)=u-yh;

5. Compute (3t
Determination of the weight for robustness is done by introducing a simple if statement.

beta=l ;
if abs(epsi»tp

beta=(tp*sign(epsi))/epsi;
end

6. Measurement Update
As matrix multiplication is a built-in function, implementation of the measurement update
can be done directly according to the equations as stated in section 3.4.4.

K=P*psi(ii)/(l/beta+psi(ii)'*P*psi(ii));
P=(P-K*psi(ii)'*P);
theta=theta+K*epsi(kcou,l);

7. Time Update
In MATLAB the time update becomes:

P=P*(AlphaMax-AlphaMin)/AlphaMax+AlphaMin*eye(npara);
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Implementation in "C" is a little more complicated as functions such as matrix multiplications
are not standard available. They had to be written first. Furthermore for-loops are used to
perform calculations with vector- and matrix elements.

3. Compute gradient vector
The computation of Ut and Wt is split up in two parts:

Ut = Ut - JIUt-l - ... - JnJUt-nJ
, '...

udiJJ

In C-code this becomes:

udiff=O.O;
for ( i=O; i<=Nf-l; ++i )

{

udiff += (*(theta+i) * *(grad+Nf+l+i));
}

util = (u) - udiff;

Computation of Wt (lltil) is analogues to the computation of Ut.

(4.11)

4. Compute Prediction and Prediction Error This can be done with a simple for-loop:

yhat=O.O;
for ( i=O; i<=Npar-l; ++i)

{

yhat += ( *(phi+i) * ( *(grad+i) ) );
}

epsi = (y) -yhat;

5. Compute f3t
f3t is determined by a simple if-else statement:

if ( epsi >tp )
{

beta= tp/(epsi);
}

else if ( epsi <-tp )
{

beta=-tp/(epsi);
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}

else
beta=!. 0;

4 - Implementation of the Algorithms

6. Measurement Update
The measurement update must be split up in several little steps. This can be done in different
ways.

The chosen steps are:

a) X=P(t-1)*grad
b) S=grad-T*X
c) Kden=1/beta+S
d) K=X/Kden
e) R=grad-T*P(t-1)
f) delta=K*R
g) P(t)=P(t-1)-delta
h) theta(t)=theta(t-1)+K(t)*epsi

In this form only two matrix multiplication functions, A_T...B and AT_T _B have to be used.
They are listed at the end of file dspmain. c30

The measurement update becomes:

a) A_T_B(X,P,grad,Npar,Npar,1);
b) AT_T_B(S,grad,X,Npar,1,1);
c) Kden=1.0/beta+(*S);
d) for ( i=O;i<=Npar-1;++i )

{

*(K+i)=*(X+i)/Kden;
}

e) AT_T_B(R,grad,P,Npar,1,Npar);
f) A_T_B(delta,K,R,Npar,1,Npar);

g) for ( i=1;i<=Npar;++i )
{

for ( j=1;j<=Npar;++j )
{

P(i,j)=P(i,j)-delta(i,j);
}

}

h) for ( i=O;i<=Npar-1;++i )
{

*(theta+i)=*(theta+i)+(*(K+i) * epsi);
}
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7. Time update
The time-update can directly be implemented with the aid of two nested for loops:

Time update:
P(t+llt)=((AlphaMax-AlphaMin)/AlphaMax)*P(tlt)+AlphaMin*1

In C-code this becomes:

for ( i=l;i<=Nparj++i )
{

for ( j=ljj<=Npar;++j )
{

P(i,j) *= ((AlphaMax-AlphaMin)/AlphaMax);
if ( i==j )

{

P(i,j) += AlphaMin;
}

}

}

8. Shift vectors for next update
Shifting the regression- and the gradient vector is done in the following way:
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i>O ;--i)for ( i=Npar;
{

*(phi+i)
* (grad+i)

}

=*(phi+i-1) j
=*(grad+i-l);

4.4 The nsp-pc environment

Implementation as described in the previous section is certainly not the most efficient one, but
for test purposes it proved to be suitable. For implementation in the DSP-PC environment,
the speed of the algorithm becomes important.
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PC side

4 - Implementation of the Algorithms

DSP side
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Figure 4.1: Overview of the DSP-PC system

A complete description of the DSP-PC system is given in [10]. Here only the global structure
is given. (cf. figure 4.1) The DSP gets the data, executes the algorithm and drives the
outputs. On PC-side data and variables can be watched on-line and variables can be set. In
debug-mode the algorithm has been tested on speed performance. An overview of the timing
of the different steps in the algorithm is given in table 4.1. A function (Breakpoint 0) is used
for setting breakpoints. This function had to be called several times and this also takes time.
However the presented timing results give a good indication of the time required to perform
the different steps in the algorithm. From the results can also be seen that computation of
the gradient vector require 50 clock-cycles of the total computation time. Thus, when an
OE-model is preferred, this is at the cost of 10% extra computation time.

The algorithm in the original implementation requires approximately 1550 clock-cycles. One
clock-cycle on the DSP is 120 ns. The algorithm can be made a lot faster by taking the
following into account:

• To minimize overhead, use as few variables on DSP-side which are mirrored on PC-side
as possible.

• Write matrix operations in assembler code, which can directly be called in the algorithm
code. With smart indexing ofthe arrays certain operations can be made 2-3 times faster.

• Declare all variables in the main-loop, use as few "statics" as possible.

• Use as few function calls as possible.

Taking these aspects into account the length of the algorithm has been reduced to approxi
mately 540 clock-cycles. The variables which are viewed on PC-side are:
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• input and output signals

• the estimated parameters

• the prediction error

• the estimated output
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The algorithm parameters llmax, llmin and the turning point tp can be set on the PC. Appendix
A gives the current listings of the files dspmain.c30, defs.h and varinit.c, which contain
the latest implementation, declarations etc.

Table 4.1: Timing of the complete algorithm

# clock cycles # clock cycles
Algorithm step OLD NEW
1. Get Data 23 23
2. Compute Regression Vector 24 24
3. Compute Gradient Vector

Ut 36 28
Wt 27 19

4. Compute Prediction
fit 28 28
E:t 20 20

5. Compute fit 25 25
6. Measurement update

a 168 67
b 80 37
c 25 25
d 47 47
e 130 62
I+g 430 91
h 33 33
Total - -

913 362
7. Time update 377 90
8. Shift vectors 36 36
9. Write DA 47 47
Total 1566 592



Chapter 5

Simulation Results

Before the algorithms were used in a real implementation, they have been tested in MATLAB.
As it is impossible to include all simulation results, a selection has been made. The presented
results cover most important aspects of the algorithms. In the previous chapter a description
of the implementation is given. Together with the complete code, which is given in appendix
A, the simulation results can easily be verified. Most simulations are done for the following
first order system:

(5.1)

where Ut is a Pseudo Random Binary Noise Sequence (PBRNS) and et is Zero Mean White
Noise (ZMWN) unless stated otherwise. The values of the discrete parameters a1 (/1), bo and
b1 are mentioned with every simulation. The Signal to Noise Ratio (SNR) is defined as:

s cov(y)
N = 101og10 --(-)cov e

where y is the noise-free output signal.

(5.2)
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The first simulations were done to compare a recursively estimated ARX-model and a recur
sively estimated DE-model. From off-line identification it is known that ARX-models can
be biased in presence of noise. DE-models do not suffer from this problem. The simulation
results presented in this section show that these properties still hold for on-line identification.
Figure 5.1 shows a plot of the estimation results of a first order model. The estimates from
the recursive algorithms have been compared with their off-line equivalents and the results
are stated in table 5.1

The used dataset has a length of 2000 samples. As stated in chapter three, the off-line
algorithms use the whole dataset at once to compute the optimal estimates. The recursive
algorithms compute a new estimate after every new sample. (They can also be used in off-line
identification!). The Signal to Noise ratio is approximately 15dB. From the results in table
5.1 it can be seen that the estimates for an ARX model are biased. The DE-models give much
better results. For higher SNR the differences become smaller. Also the results produced by
the recursive algorithms are almost identical to those produced by their off-line equivalents.
The small differences originate from the difference in the routines themselves.

Comparison RARX and ROE
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Figure 5.1: (-)RARX, (-·--)ROE
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Table 5.1: Influence of noise on off-line and on-line identification algorithms

ARX RARX OE ROE
al == -0.8 -0.7731 -0.7731 -0.8012 -0.8011
bo == 0 0 0.0034 0 0.0063
bl == 1 0.9949 0.9949 0.9967 0.9923
var(e) 0.1497 0.093

Remark: In the used simulation model bo == O. This is not the case for the machine model.
However the standard identification algorithms in MATLAB assume bo == O. From the results
it becomes clear that bo is accurately estimated as well.

5.2 U ndermodelling

In practice the chosen model order seldom equals the true system order. The question arises
whether the estimated model will be able to approximate the behaviour of the system. A
second order model has been simulated and has been estimated with a first order model.
A comparison has been made between the bode plots of both models and the estimated
parameters have been compared with the true parameter values: al == -1.5, a2 == 0.7, bo == 0,
bl == 1, b2 == 0.5.

Discrete Bode Plot, (R)ARX
20 r=:-:-=-=-r--::-:-.=:..;-:;-:r..:_=",:'-_'-:_r.1.• ~:::r.r_-.-,...---.,...,----r......,......,... .,.....r!...----,-.....,........,.,......,...T.'"!"'.T"!'"1••

Discrete Bode Plot, (R)OE
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Figure 5.2: Discrete Bode plots m case of undermodelling (---) TRUE, (-)OE, ARX
(-·-)ROE, RARX
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Figure 5.3:
( ... )TRUE

Estimated parameters in case of under-modelling (-)ROE, (_._. )RARX

From figure 5.2 can be seen that in case of undermodelling the recursive algorithms give
different results. The off-line ARX model and the recursive ARX give good results at high
frequencies. The off-line OE algorithm gives comparable results. However the Recursive OE
Bode plot makes no sense. A possible explanation is that the estimates are not representative
in case of undermodelling. To obtain the gradient in the recursive algorithm, the data is
filtered with these estimates. This may cause a wrong search direction. This is still under
investigation.

5.3 Comparison EF and SF

In this section some simulation results are presented to illustrate some properties of the EF
and SF algorithms. Especially their parameter tracking ability and their behaviour in case
the input signal is not PE are examined.

The input and output signals are plotted in figure 5.4. The forgetting factor of the EF
algorithm>. = 0.98. The signal to noise ratio is 20dB. The parameter values are:

{

bo = 0
bl :. 1 t ~ 250
al - -0.8

(5.3)
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ARX-model
The initial estimates are all zero (80 = (00 Of). From figure 5.5 it can be seen that both
algorithms converge to the correct estimates in a very short time.

At t = 250 an abrupt parameter change occurs. Again both algorithms can track the variation.
The SF algorithm is faster, but also has a slightly larger variance of the estimates. This implies
that the "effective" forgetting factors of the SF algorithm are smaller than 0.98.

At t = 500 the input signal becomes constant, it is no longer persistently exciting. In figure
5.6 the eigenvalues of both P-matrices have been plotted. It can be seen that in case of
exponential forgetting the eigenvalues almost immediately start to grow exponentially, which
leads to a dramatic change of the parameter estimates. However the eigenvalues of the SF
algorithm remain perfectly bounded below Q max = 0.1. Now a linear growth of the parameter
estimates can be observed. The size of this change depends on the signal to noise ratio and
the upper-bound of the eigenvalues. In figure 5.7 a close-up of the first eigenvalue of P is
plotted. The eigenvalue oscillates between the upper-bound Q max and some lower-bound,
which is larger than Qmin! The time update for the SF algorithm is

(5.4)

The eigenvalues of PHIlt only reach their lower bound if the eigenvalues of Pt1t become zero.
In the measurement update the input and output signals are used. In presence of noise the
eigenvalues will, due to the random character of noise, always differ from zero. The lower
bound will never be reached. This is rather an advantage than a disadvantage as the lower
bound only is important in case of parameter changes. The oscillation is not easy to explain.
The eigenvalues of P as a function time is hard to determine. They depend on the excitation
and the system. Furthermore the eigenvalues of a third order system have to be determined
by numerical methods. This all together makes it very difficult to analyse the eigenvalues.
However one is not really interested in the exact eigenvalues. In the resulting algorithm they
are not calculated anyway. Important is that they remain bounded from below and above.

Remark: The parameter change at t =250 does have an effect on the eigenvalues. However
it is so small that it is not visible in the plot.
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OE-model
The same system has been identified with an ROE method and the same observations can be
made. The ROE-models are again less sensitive to noise. Especially in a situation where Ut

is not rich enough the deviations of the estimates are smaller.

OE model
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5.4 Influence outliers

The same system has been simulated (without the parameter change). Now the input signal
is a PRBN sequence and PE during the simulation. Q max = 0.01, Qmin = 0.001. The signal to
noise ratio Ji = 21.7dB, which corresponds to a noise variance var(e) = 0.021. The parameter
values are:

{

bo = 0
b1 = 1
al = -0.8

ARX-model

Input, output Signale
10r--~-~-~----i---.---'---,------,c--~-~----,

6

(5.5)

Figure 5.10: I/O-signals with spike on t = 250

At t = 250 a large disturbance occurs: Y250 = 10. It can be seen from figure 5.11a that the
spike causes a significant change in the parameter estimates in case of the regular selective
forgetting procedure. The influence on an EF procedure is approximately the same, depending
on the value ofthe forgetting factor. The smaller the forgetting factor, the larger the influence
of the outlier.

When the SF algorithm is combined with the robust algorithm, the influence of the spike
can significantly be reduced. Here f3 has been chosen according to 3.80. Figure 5.11b,c,d
show the results for different turning points. With tp =0.5, the deviation in the parameter
estimates has strongly been reduced (5.11b). As the turning point is much larger than the
noise variance, the influence of the spike can be reduced even more. However if the turning
point becomes too small, the algorithm starts too loose tracking capability and convergence
properties become worse (ef. figure 5.11c,d). Here two different effects playa role.

The first is rather straightforward. When the turning point becomes smaller than the noise
variance (k ~ var(e», f3t will always be smaller than 1 and the algorithm gain will be smaller.
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This results in a lower noise sensitivity but also the algorithm will be less capable to track
parameter changes.

The second aspect is of a different kind. The prediction error indirect contains information
about parameter changes. In a situation where no noise is present and no parameter changes
occur, the prediction error will eventually become zero. When a parameter change occurs
the prediction error will grow and the parameters will be updated. The size of the prediction
error is therefore a measure for the parameter change. If in this situation the prediction error
becomes larger than the turning point, the weight for robustness causes the algorithm gain to
be smaller. The algorithm will track the parameter change, but more slowly than necessary.
Convergence of the algorithm will become worse.
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Figure 5.11: Influence spike and choice of turning point on the estimated parameters of an
A RX-model a) SFRARX b) robust tp = 0.5 c) robust tp = 0.05 d) robust tp = 0.01

The other methods for robustness, mentioned in chapter 3 have also been simulated. The
results confirm the statements made before. From figure 5.12c it can clearly be seen how the
choice of f3 and the turning point can influence convergence properties of the algorithm. The
initial estimates are zeros. Starting the algorithm then corresponds with a strong parameter
change. When the prediction error is clipped information is thrown away and the resulting
estimates are useless. However when the initial estimates are correct (figure 5.12d) the al
gorithm works fine and the influence of the spike is negligible. Robust method 2) seems to
have better properties than clipping, but this data dependent. This can be understood in the
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following way: When the algorithm is started up, the prediction error will, in most cases, be
larger than the turning point. There will be no update. However if the input signal is close
to zero (which depends on the dataset) the prediction error will be smaller than the turning
point and the parameters are updated. Eventually the algorithm will work properly.

OE-model
The influence of the outliers on SFROE also has been simulated. The non-robust SFROE
algorithm is less sensitive to the spike than the non-robust SFRARX algorithm. When the
robust method is applied the influence of the spike is negligible. Thus also from this point of
view an OE method is preferred.
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Figure 5.13: Influence spike and choice turning point on the estimated parameters of an OE
model a) SFROE b) robust tp = 0.5 c) robust tp = 0.05 d) robust tp = 0.01
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5.5 Choice algorithm variables

In section 3.4.5 an indication was given of how to choose the differentalgorithm variables. In
this section some simulation results are presentedto provide a quantitative indication. Again
the same system has beensimulated. The signal-to-noise ratio Ii = 20.5dB

ARX-model
In figure 5.14 a comparison is made between different choices of D:ma:r: and D:min.

ARX-model
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Figure 5.14: Influence choice D:ma:r: and D:min (--)D:ma:r: = 0.1, D:min = 0.01 (-'--)D:ma:r: =
0.05, D:min = 0.005 (---)D:ma:r: = 0.01, D:min = 0.001

After t = 500 Ut is not PE. The estimates start to deviate almost linearly from the true
parameters. It can easily be verified that the slope depends linearly from the chosen upper
bound D:ma:r:. As the presented choices of D:ma:r: and D:min all yield the same lower-bound of
).~ (min().~ = 0.52)), it easy to expect that the tracking ability of the algorithm does not
change. However from figure 5.14 it becomes clear that tracking ability becomes worse with
smaller values of D:min' The most straightforward explanation is that the lower-bound of P
determines the algorithm gain. When the lower-bound of the eigenvalues becomes smaller,
the algorithm gain becomes smaller and tracking ability becomes smaller.

When D:ma:r: and D:min are too close together, the lower-bound of the forgetting factors tends
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to one and the tracking ability diminishes (cf. 3.86). A factor 10 between Uma:t: and Umin is
recommended, as it has proved to give good results.

Figure 5.15 shows that SFRARX with Uma:t: = 0.01 and Umin = 0.001, which has best per
formance when the input signal is not PE, still has the tracking capability of an EFRARX
algorithm with a forgetting factor oX = 0.98.

Comparison SFRARX and EFRARX

1.5

SFWl_-.............._~~~~-"" .......__........,..............:or;,..."",:-::~:;:"':':.-:: .~ ..;:"":':.-:: .-;:::":'::"::.-:'

!!!
Q)

CD
E 0.5
~
III

a..
"C
Q)

iii 0
E
~w

-0.5

-1

-1.5 '----_--'-__..L-_---L__--L.-_--''----_--'-__.L-_----'-__--'--_----'

o 100 200 300 400 500 600 700 800 900 1000

Figure 5.15: Comparison (-·-)SFRARX, Uma:t: = 0.01, Umin = 0.001 and (-)EFRARX,
oX = 0.98

OE-model
Also in this situation ROE performs better than RARX. Not only the deviations of the
estimates during the periods Ut is not PE are smaller, but also tracking properties are better
than those of EFROE with oX = 0.98.
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OE-model
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Chapter 6

Measurement results

Before the algorithm was used for parameter estimation of the induction machine, it has been
tested on two first order RC circuits. This has the advantage that for such simple networks
the values of the parameters are (approximately) known and possible failures are relatively
easy to locate. The circuits differ in that one has direct feedtrough and the other one has
not. Two discrete transfer function are considered: ZOH and with Tustin approximation. As
the input impedance of the AD converter only is 10 kn the output signals of the circuits are
buffered with an operational amplifier. The measured data has been processed in MATLAB
and compared with the estimates produced by the MATLAB algorithms. The used sample
frequency Is = 1000 Hz. No a-priori knowledge about the parameters has been used during
the estimation.
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6.1 Circuit without direct feedtrough

6.1.1 Circuit description

The circuit is plotted in figure 6.1. It's transfer function is given by:

1G ( ) _ Uo(s) 
1 S - Ui(s) - -TI-S-+-1

The chosen values for R1 and Care:

R 1 = 15 kO

C = 100 nF

This yields Tl = 1.5 ms, which corresponds with a turn-over frequency fl ~ 100 Hz.

R1

0 0

+

c I
+

D. DoJ

I0 0

Figure 6.1: First order RC-network without direct feedtrough

(6.1)

The input-impedance of the AD-circuit is 10 kO. This forms too large a load for the circuit
and influences the measurements. Hence a buffer is desired. The used buffer-circuit is plotted
in figure 6.2.

R

+

R

>-....1...--0 +

Figure 6.2: Buffer circuit
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The gain of the circuit is 1, R = 1 Mn. When the gain of the circuit does not exactly equal
unity, this will introduce an error in the estimates.

6.1.2 Estimation of ZOH-parameters

When ZOH-signals are used, the discrete transfer function becomes:

(6.2)

where

-Tal _exp( __S)
Tl

b1 1 +al

For the experiments no ZOH-circuits are available. However a ZOH can be generated by the
DSP. This signal can be used to excite the circuit.

RARX

The diverse input- and output signals are given in figure 6.3. It can be seen that in this
configuration the estimated output almost immediately equals the measured output. The
estimated parameters are plotted in figure 6.4. The dotted lines in the figure represent a 10%
accuracy interval. Errors in the estimates as a result of the tolerances of the components are
expected. It can be seen that there exists a difference between the DSP and the MATLAB
estimates. This originates from the presence of little offsets on the I/O-ports. The estimates
however lie within the accuracy interval.
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estimates, (_._) MATLAB-estimates

When the parameters are estimated with an OE-model, these differences do not exist. There
seems to be a sinusoidal disturbance in the estimates, which causes the variance of the OE
estimates to be a little larger. This is probably due to the fact that the input signal only
consists of two sinusoidals and the gradient vector has to be calculated. The signal to noise
ratios has not changed during the experiments.
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Figure 6.5: Estimated ROE-parameters m case of ZOH-signals (---)Expected, (-)DSP
estimates, (-·-)MATLAB-estimates
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Reconstruction of the continuous parameters
The discrete parameters are used to reconstruct continuous parameters. For the induction
machine those will be the physical parameters. Here they are the DC-gain K dc and the
time-constant Tl of the circuit.

b1

1 + fl
-T.

In(- fd

(6.3)

(6.4)

The resulting estimates of an RARX-model are given in figure 6.6 and for a ROE-model in 6.7.
From these figures it can be seen that the parameters are estimated within a 5 % accuracy
interval.
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Figure 6.6: Estimated continuous parameters zn case of ZOH-signals (---)Expected,
(-)DSP-estimates
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Figure 6.7: Estimated continuous parameters zn case of ZOH-signals (---)Expected,
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6.1.3 Estimation of Tustin parameters

When no ZOH-circuit is used and no ZOH-signals are available, the input signal is generated
by simply adding the signals generated by two function generators. The input signal consists
of two sinusoidal signals

(6.5)

or two added square waves. These signals contain enough information for estimation of the
parameters.

In this case the Tustin approximation yields better results. Here s is approximated by

2q-l
s=---

T. q+ 1

This yields for the discrete transfer function:

(6.6)

(6.7)
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where
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From the plots can be seen that the estimates do not longer lie within the 5% accuracy interval.
However they converge to certain values. The cause for this deviation is not clear yet. The
estimated output very well approximates the measured output. Hence it is reasonable to
assume that the estimated parameters are the "true" parameters. The measurement results
are plotted in figure 6.8. Note that the difference between the MATLAB estimates and the
DSP-estimates does not longer exist.

Reconstruction continuous parameters
The continuous parameters can be reconstructed from the discrete parameters in the following
way:

bo + b1

1 + 11
T. 1- 11----
2 1 + 11
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Figure 6.11: Estimated continuous parameters with Tustin approximation (---)Expected,
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6.2 Circuit with direct feedtrough

6.2.1 Circuit description

The second first order circuit is plotted in figure 6.12. It has direct feedtrough and has some
properties similar to the induction machine model

(6.10)

where

k
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+ +

6 - Measurement results

Figure 6.12: First order RC-network with direct Ieedtrough

The chosen values for R1 , R2 and Care:

R1 330kn

R2 78kn

C 100nF

This yields 7"1 = 33 ms, which corresponds to a turn-over frequency II ~ 5 Hz and 7"2 =
k7"1 = 6.3 ms, which corresponds to a turn-over frequency 12 ~ 25 Hz. The discrete transfer
function becomes:

6.2.2 Estimation of ZOH parameters

The discrete parameters for a ZOH are given by:

al -exp( -aT.)

bo 1

b1 = (k - 1) +kal

(6.11)

Where a = A:~2 However this case could not't be measured. The I/O-timing in the DSP is
organized such that first the inputs are read and then the outputs are written. When Ut

is generated by the DSP there will always be a delay between 'y; and 'u~. Therefore these
signals cannot be used for estimation of a system with direct feedtrough.
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6.2.3 Estimation of Tustin parameters

With the Tustin approximation the discrete parameters become

Ts - 2kTI
al

Ts +2kTI

bo
k 2TI +Ts

2kTI +Ts

bl
k Ts - 2TI

Ts +2kTI
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Both RARX and ROE yield estimates within the accuracy interval. Though this might not
be directly clear from the RARX plot. To overcome memory problems the length of the
dataset had to be restricted. The plot is mainly intended to illustrate that the speed of
convergence depends on the moment of start-up. This is probably caused by the fact that
the information in the input signal is restricted. When the eigenvalues of P are much larger
than the upperbound O!maz the algorithm behaves like the ordinary least squares algorithm.
When information is restricted convergence may be slower.
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Reconstruction of continuous parameters
Problems arise when reconstructing the continuous parameters. The results for an OE-model
are plotted in figure 6.15. The results make no sense and cannot be used. For an ARX model
the results are similar. The cause is not clear yet but can probably be found in the way the
continuous parameters are reconstructed from the discrete.

bo +bl

1 + al

T. bo - bl= 2 bo +b1
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6.2.4 Practical Aspects

The presented measurements so far, where all done under pretty ideal conditions. The noise
level lies in the order of several millivolts and does not cause too much problems. From
simulations it has become clear that the algorithm still performs well under less ideal circum
stances. Two of them, parameter changes and poor excitation, could easily be generated and
measured and some measurement results will be presented in this section. Measurements of
outliers are more difficult and no results are available.

Parameter tracking
From simulation results it has been shown that the used algorithm can track parameter
changes. To give a real practical example, a parameter change has been created. The re
sistance R 2 consisted of two resistors of each 39 kS1 in series. Short-circuiting one of these
resistors gives a step change in the parameters. The results are given in figure 6.16.
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Figure 6.16: Measured parameter change (---)Expected, (-)Estimated

From this figure it can be seen that also in a real situation a change can be tracked. The
expected parameters have also been plotted together with a 5 %accuracy interval. Except for
a few samples after the parameter change, the estimated parameters lie within this interval.

Poor excitation
One of the main features of the developed algorithm is that it can deal with situations of poor
excitation. In the previous chapters it has been tried to indicate how to choose the algorithm
variables Oma:>: and 0min to deal with this problem. From simulations the following choice
appeared to be good: 0ma:>: = 0.01, 0m;n = 0.001. The measurement results presented below
show that also for a practical situation this is a good choice.
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Figure 6.17: Input signal and prediction error in case of poor excitation
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(6.13)

(6.12)

The input-signal consisted from two added sinusoidal signals, generated by two function
generators. The resulting signal contains enough information for the estimation procedure.
At a certain moment the input signal is made zero by switching the generators to ground.
After a while the generators are switched on again. The input signal and the prediction error
are plotted in figure 6.17. The estimated parameters show a linear drift during the period Ut

is not rich enough, as expected (figure 6.18). However this drift is small and the estimates
remain within the 5% accuracy interval. It must be stressed that the size of the drift not
only depends on the choice of Ctmax and Ctmin but also on the noise level. In the experiments
done so far, the noise level was relatively low. In a situation with more noise the drift can be
larger. It can be suppressed by choosing lower values for Ctmax and Ctmin, but this will lead to
worse tracking ability.
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Figure 6.18: Estimated discrete ROE parameters during period 0/ poor excitation
(---)Expected, (-)DSP-estimates

Reconstruction Continuous Parameters
Care must be taken when reconstructing the continuous parameters from the discrete. Nu
merical problems may occur. For example, the continuous parameters for the circuit without
direct feedtrough in case of the Tustin approximation are given by:

bo + b1

1+ /1
T. 1- /1----
2 1 + /1

When /1 ~ -1 this leads to a division by almost zero and J(de and Tl become very large.
Especially when the initial estimates are bad, this effect may occur. Also in other situations
this is an aspect to consider. It may be necessary to search for other representations for the
reconstruction.
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Data transfer to PC
From the measurements became clear that the communication between DSP and PC is not
perfect yet. Logging data to the harddisk works fine but at certain samples a large spike
occurs. The time of occurrence of this spike is not random but at fixed points (samples
k * 1918 with k = 1,2, etc). The cause is not clear yet, but may be found in the software of
the system.

6.3 Machine measurements

Currently the system is being setup for measurements on the real machine. The data pre
processing has been done on-line. The parameter estimation suffered from a few problems,
which are currently under investigation. A batch of data has been collected and off-line the
parameters are estimated with the recursive algorithms. It turned out that estimation of a
RARX model gives good results.
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Figure 6.21: Estimated rotorflux and prediction error

The estimates produced by the ROE algorithm are useless. The cause for this deviation is
not clear yet. As the ROE algorithm has given good results before, the cause may be un
dermodelling. In section 5.2 undermodelling was briefly discussed. The presented simulation
results showed that ROE gave useless results in case of undermodelling. Another possible
cause may be the scaling of the data. Numerical problems occur when the difference in the
amplitudes of the signals in the regression vector and the gradient vector is large. Both cases
are currently under investigation.
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Conclusions and Recommendations

7.1 Conclusions

• A robust recursive estimation algorithm has been developed by combining two algo
rithms. The complete algorithm consists of two parts and has the following properties:

- The first part, the measurement update, deals with the update of the parame
ters when a new measurement becomes available. It also deals with outliers, by
introducing an extra weight {3t, which depends on the prediction error.

- The second part deals with the time variation of the parameters between mea
surements. The covariance matrix P is bounded from below and above to keep
tracking ability and to prevent blow-up respectively.

- The algorithm has low computational requirements, hence it can be implemented
in real time.

- The algorithm is suitable for linear and pseudo-linear regressions.

- The resulting algorithm is of a very general kind. It has been used for estimation
of discrete models in the backshift operator q-l, but it can also be used for discrete
systems with other representations. It only needs a prediction error and a gradient.

• Simulation results have confirmed that the algorithm has the properties mentioned
above. Comparison of Recursive ARX-models and Recursive OE-models in different
situations has shown that OE-models are preferred. The lower noise sensitivity of
these models also results in a better performance in case of outliers and during periods
where the input signal is not persistently exciting. These advantages go at the cost of
approximately 10% extra computation time.

• The algorithm has successfully been implemented on the DSP-PC system. Execution
of the algorithm requires approximately 65fLs, which corresponds to a sample frequency
of 15 kHz.

• Experiments with identification of first order RC-networks have shown that the algo
rithm works fine in a practical situation. Parameter changes are tracked and parameter
deviations remain low during periods of poor excitation.
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• Experiments with an induction machine have shown that estimation of the machine
parameters still yields some problems when an DE-model is estimated.

7.2 Recommendations

• The first measurements on the AC-machine have shown some difficulties with the re
cursive estimation of an DE-model. The cause is unknown yet. As the algorithm has
successfully been used for estimation of a first order RC-network, the causes may be
found in undermodelling or the scaling which is employed. This should be investigated.

Concerning the algorithm itself the following is recommended:

• Though the algorithm has the desired properties it certainly is not optimal. Especially
the choice of the algorithm variables amax , amin and (3t remains difficult. There are a
few guidelines which indicate how to choose these variables. However they do not give
an expression of the variables in terms of noise variance, size of parameter disturbance
and the like. It will be difficult to derive equations like these and in a lot of situations
it may be impossible. It deserves further investigation as the better the algorithm is
tuned the better the parameters are estimated.

• The algorithm has been used for estimation of first order models. When higher or
der models have to be estimated the computational requirements increase very fast. It
is known that the lattice algorithms have better speed properties then. The selective
forgetting method and the weight for robustness are also applicable on lattice algo
rithms. Though implementation of lattice algorithms is more complicated, it might be
interesting to combine the results of this report with the lattice algorithms.

Furthermore there are some practical aspects which could be improved.

• During experiments it became clear that the communication between DSP and PC is
not perfect yet. At some instances a large spike occurs in the data sent to the PC.
These instances are not arbitrary and probably the cause can be found in the software.

• Some problems occur with the display function on PC-side of the system. These can give
rise to a wrong interpretation of the measurement results. They have to be removed.

• The algorithm has been developed for estimation of models of arbitrary order. However
the implementation on the DSP-PC system is such that only first order models can
directly be estimated. When estimation of a higher order model is desired the initial
ization of P, (), <P, 'l/J has to be adapted. It would be desirable to rewrite an initialization
routine such that the model order can be selected on-line.
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Appendix A

Lattice Algorithms and Filtered
RARX

In an early stadium of the thesis period, also some other algorithms have been studied: Lat
tice algorithms and a filtered version of RARX. Lattice algorithms are recursive identification
algorithms based on orthogonalization of the regressor space. They have better numerical
properties than conventional recursive identification algorithms and they also provide mod
els of several orders simultaneously. Thus the model order can be chosen on-line. In [5] is
claimed that they also have better convergence properties than the non-lattice algorithms.
The presented simulation results ([5], pp. 70-71) however could not be reproduced. In section
A.l some simulation results will be presented, which show that, concerning convergence prop
erties, the lattice and the non-lattice algorithms are equal. Section A.2 will briefly discuss
the filtered ARX model.
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A.I Comparison lattice algorithms and conventional recursive
algorithms

The following system has been simulated:

-1 +0.5 -2
q q Ut + et

Yt = 1 - 1.5q-l +0.7q-2
(A.I)

with Ut a Pseudo Random Binary Sequence (PBRS) and et Zero Mean White Noise (ZMWN).
The signal-to-noise ratio is 1O.5dB.
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Figure A.I: Comparison of LOE and ROE, )..=1

Figure A.I shows the parameter estimates for LOE and ROE. ).. is equal to unity, hence no
forgetting is applied. Though not directly clear from the figure, the parameters converge to
their real values.

Choosing a smaller value for).. will give a larger noise sensitivity. The results of a simulation
with)" = 0.95 have been shown in figure A.2. It can be seen that the variance of the parameters
is large and does not die out.
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Figure A.2: Comparison of LOE and ROE, >"=0.95

Often>.. is chosen variable, with an exponential profile of the form >"t = r>"t-l + 1 - r. A
small initial value of >.. is used to cope with the uncertainty of the first estimates. The
forgetting factor increases exponentially and will reach unity after a while, dependent of r.
Hence the algorithm becomes noise insensitive. Figure A.3 shows the simulation results with
>"t =0.99>"t-l +0.01, >"0 = 0.95.
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Figure A.3: Comparison of LOE and ROE, >"t =0.99>"t_l +0.01, >"0 = 0.95

From these results can be seen that, regarding convergence properties, the algorithms have a
similar performance. For lower order model (first and second order), the advantages oflattice
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algorithms are negligible. As complexity of the algorithms is large, it was decided to use the
conventional recursive identification algorithms.

A.2 Filtered ARX

A well known advantage of the ARX model is that it is linear in the parameters. However
trying to fit an ARX-model to data that comes from a process that is not in the model set,
results in a biased parameter estimate. An OE-model does not suffer from this problem, but
has the disadvantage that it is non-linear in the parameters. It would be desirable to have
the fast computation of linear least squares, but to have a better estimate.

Suppose that

(A.2)

Then the limit cost function in frequency domain becomes

For OE this becomes

W nyq

V~E(O) = 4~ J [II Go(w,Oo) - ;~:::~112Wu(W) +Wv(w)] IIL(w)1I2dw
-W nyq

and for ARX

(A.3)

(AA)

W nyq

V;RX(O) = 4~ J [IIGo(w,Oo) - ~~:::~1I2Wu(w) +Wv(w)] II A(w,O)L(w)1I2dw (A.5)
-W nyq

L(w) is a prefilter and can be used to shape the model fit in some relevant frequency region(s).

When looking at the limit cost function of an ARX model in the frequency domain it can be
seen that ARX has two problems:

• The criterion function is shaped by an a priori unknown weight IIAII2

• The asymptotic result 000 depends on the noise contribution Wv
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Even if Go belongs to the model set M, the estimated model is biased due to the noise
dependency of V~RX

An ARX model is only unbiased when Vt is zero mean noise. Choosing L(q) = A(q) eliminates
the noise dependency of the estimates in the limit cost function V~RX and yields an asymptotic
OE-model quality. However, this would require knowledge of A(q). Since this is not available
A(q) is estimated recursively as well. For SISO systems, filtering the prediction error with a
filter L(q) is equivalent to filtering the input and output data with that filter L(q).

In the OE case, the estimated parameter vector 800 is independent from the noise contribution
"\Ii"v' Hence the estimation is consistent if Go(q, 8) is in the model set, even when the noise
model does not correspond to the real noise process. Thus with OE models the identification
of the deterministic contribution G(q, 8) is separated from the noise contribution v.

Several simulation shave been done with first and second order models. Conclusions drawn
from these results are summarized below.

• For first order models, in presence of output noise, the RARX-model yields biased
parameter estimates, as expected. The FRARX- and ROE-model give consistent results.
There is no significant difference in quality of the estimates of the FRARX and the OE
model.

• For second order models the differences between the models become bigger. Also the
FRARX model seemed to give less accurate results than the OE-model. The FRARX
model (algorithm) seems less robust for bad initial conditions than the OE model. A
possible explanation is, that if the first estimates are bad, as a result of bad initial
conditions, filtering with these estimates will cause the algorithm to search in a wrong
direction. In an off-line identification procedure filtering the data of an ARX model to
obtain an OE-model quality, may give computational advantages. In an on-line iden
tification procedure these computational advantages are minimal. In both algorithms
appears a filtering of data. For the Filtered ARX this is direct filtering of input data.
For OE this is the filtering to obtain the gradient. These operations requireapprox
imately the same extra computations. Hence an OE-model is preferred, as here the
prefilter L still can be used to shape the model fit in certain frequency regions.
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Code

This appendix contains the most relevant code used during the thesis period.

• dspmain. c30 : Main program running on the DSP

• roe_lm.m: MATLAB implementation



/************************************************************************

* *
* dspmain.c30

Hdefine Npar_max
Hdefine Ko
Hdefine Ki

5
10922 I*Ko=32767/3 Scaling factor for Output *1
9.1556e-5 I*Ki=l/Ko Scaling factor for Input *1

* This is the main file which is running on the DSP.

* File last modified on 26-10-1995.

/************************************************************************

* *

void mainCvoid)
(

/**********************************************
* check control register and start interrupt *
**********************************************/

/*********************************************************************
* definitions and declarations of parameters used in your algorithm *
* non-static parameters only *
*********************************************************************/

static double P[3*3] = (1000,0,0,0,1000,0,0,0,1000);
static double theta [Npar-max] = (0,0,0,0,0);
static double phi [Npar_max] = (0,0,0,0,0);
static double grad [Npar_max] = (0,0,0,0,0);
double utili
double udiff;
double w;
double wtil;
double wdiff;
double XINpar-max);
doubleS!l];
double Lden;
double beta;
double L[Npar-max];
double R[Npar-max];
double delta[Npar-max*Npar-max];
double Ktime;
double ugen;
double Treal;
static int Taxis OJ
unsigned int i,jj

*1
*1

1* define the initial values in Init_OnchipRamC)
/* see subroutine below

/*************
* main loop *
** * **-* * **** * */

/******************************************************************
* allocation of the memory blocks used for parameters and states *
******************************************************************/
MeIl\Jl\alloc () ;
Init ();

* mainC}
*. *
************************************************************************/

#define mask-e OxFFFOOOO;
Hdefine mask-tw OxFFF;

************************************************************************/
#include "math. h"
#include Ildspmain. h"
#include "dsp_dec.c30"
ftinclude Ildsp_io.c30 11

* Your algorithm code should be placed here.

/*************************************************************************

* *
* c_intOl(): interrupt routine.

*************************************************************************/
#define PI' 3.1415927
#define Ts le-3
#define utop 3.0
#define ytop 3.0
#define PCi,j) (*(P+Ci-l)+Npar*(j-l»)
#define delta(i,j) (*(delta+(i-l)+Npar*(j-l)))
#define Nf 1
#define Npar 3

1;

*11* right interrupt ???if CC*CTRL&OxCOOOOO)==O) return;

Read_ad(); 1* Read-ad gives input in Analog_in (integers) *1

1* Begin Usercode *1

u = Ki*Analog_in[O);
y =-Ki*Analog_in[ll;

I*Generation ZOH signal*1

u=(32767/1.5)*(sin(2*PI*50*CTreal»+0.5*sin(2*PI*2*50*(Treal»);

I*in debugmode*1
1*
u=Ki*Analog_in[l];
y=Ki*Analog_in[O);

*1

Treal=Ts*CTaxis);
ugen=(32767/1.5)*(sin(2*PI*50*(Treal+Ts»+0.5*sin(2*PI*2*50*(Treal+Ts»);
Taxis +=1;

/****************************************************
* your algorithm source code should be placed here *
****************************************************/

1*

*1

to DP-ram *1
to On-chip *1

*1
*1

1* Copy state from On-chip
1* Copy setable parameters
1* end of while(l) loop
1* end of main()

process_cmd () ;

Cl)
(
if (*command-adr)
if CError)

(
s top_int () ;
Start=FALSE;
*error_adr
)

Copy_State () ;
1* Copy_Set();
)

while



for

/* Computation Regression vector */

, (phi +Nf) = (u);

I'
Computation of the gradient vector:
gradAT = (-wtil_t •...• -wtil_(t-Na),util_t.util_(t-1), ...• util_(t-Na»
The components of the gradient vector are filtered versions of the
regressors

'I

I' udiff=O.O;
for ( i=O; i<=Nf-1; ++i )

(
udiff += (' (theta+i) , '(grad+Nf+1+i»;

'I
udiff =('(theta»'('(grad+Nf+1»;

util = (u)-udiff;
'(grad+Nf) = util;

yhat=O.O;
for ( i=O; i<=Npar-1; ++i

(
yhat += ( '(phi+il ' ( '(theta+i) ) );

epsi = (y) - yhat;

1'-----------------12-10-95 15:04------------------
Measurement update
In Case of an ARX model. the regression vector must
be used for the gradient: grad=phi.

--------------------------------------------------'1

s[Oj=dot(grad,X,Npar);

for i=O;i<=Npar-l;++i)

'(theta+i)='(theta+i)+('(L+i) , epsi);

1'-----------------12-10-95 15:05------------------
Time update

--------------------------------------------------'1
Ktime = (AlphaMax-AlphaMin)/AlphaMax;
for ( j=O; j<9; ++j)

prj] '= Ktime;

j=O; j<9; j+=4)
prj] += AlphaMin;

1'-----------------31-10-95 12:52------------------
Here some stabilization of the estimated F-polynomial
must be performed
--------------------------------------------------'1

w=O.O;
for ( i=O; i<=Npar-l; ++i

(
W += ( '(phi+i) , ( '(theta+i) ) );

I' wdiff=O.O;
for ( i=O; i<=Nf-1; ++i )

(
wdiff += (' (theta+i) , '(grad+i»;

'I

wdiff =('theta) , ('grad);
wtil = w + wdiff;

I' Shift regression vector and gradient vector for new update 'I

I' Extra weight for robustness 'I for i=3; i>O ;--i)

beta= tp/(epsi);
)

else if ( epsi <-tp )
(

beta=-tp/(epsi);

if epsi >tp )

I' 'phi
'phi
*grad

'(phi+i) ='(phi+i-1);
'(grad+i) =' (grad+i-1);

-y; 1 'phi AT= (-w(t-1) ••.. ,w(t-Nf).u (t).u (t-1) •... , u(t-Nb»'1
-W;

-wtil ;
)

else
beta=1. 0;

Lden=1.0/beta+('S);

for i=O; i<=Npar-1; ++i

'(L+i)='(X+i)/Lden;

vec_t~at(P,grad.R.Npar,Npar);

for i=1;i<=Npar;++i)

for j=1;j<=Npar;++j

P(i.j)=P(i.j)-L[i-1]'R[j-1];

DSPMAIN.C30

f1=theta [0];
bO=theta[1];
b1=theta[2];

I' Computation of Physical Parameters 'I

Kdc=(bO+b1)/(1+f1);
tau1=(Ts/2)'(1-f1)/(bO+b1);

Analog_out[Oj=Ko'bO;
Analog_out[1j=Ko'b1;
Analog_out[2)=Ko'f1;
Analog_out[3]=Ko'epsi;
Analog_out[4]=Ko'yhat;
Analog_out[5]=Ko'y;

I' End Usercode 'I

2



*******'******/j* Copy_Stater); *j
Write_dar); j* Write_da writes Analog_out (integers) naar output *j

) j* end main *j

void Ini t_OnchipRam (void)

ad_statusO
ad_statusl
ad_status2
ad_status3
ad_status4
ad_status5

ad_O;
ad_1;
ad_2;
ad_3;
ad_4;
ad_S;

/****************
.,.. float states *
****************/

/*************
... da status *
*************/

j* end of Init_Io *j

u
y
yhat
epsi
hO
h1
f1
Kdc
tau1

0.000;
0.000;
0.000;
0.000;
0.000;
0.000;
0.000;
0.000;
0.000;

da_statusO
da_status1
da_status2
da_status3
da_status4
da_statusS

da_O;
da_1;
da_2;
da_3;
da_4;
da_S;

/******************
'* integer states '*
******************/

/********************
* float parameters ...
********************/

/**********************
* integer parameters '*
**********************/

j* end of Init_OnchipRam *j

void Init_io (void)
{

/*******************************
* initial values 10 channels *
********************************/

j* al channels are set to zero *j

j* initial da channel values *j

Analog_out[OJ=O;
Analog_out[1J=0;
Analog_out[2J=0;
Analog_out[3J=0;
Analog_out[4J=0;
Analog_out[SJ=O;

j* initial da channel values *j

Analog_in [OJ =0;
Analog_inI1J=0:
Analog_in[2J=0:
Analog_in [3 J=0;
Analog_in[4J=0;
Analog_in[SI=O;

/*************
'* ad status *



Z: The output input data z=[y u]
NN: NN=[nb nf] The orders of an OE model.
ff: The forgetting factor lambda
THM: The resulting estimates. Row k contains the estimates -lin
alphabetic order" corresponding to data up to and including time
k. (Row k in z)
YHAT: The predicted values of the output.
Initial and last values of the auxiliary datavectors phi and psi are
obtained by [THM,YHAT,P,Phi,Psi]=myroe(Z,NN,ff,THO,PO,phiO,psiO).

% Computation of the eigenvalues of P
% For research properties only
% In case of time-varying forgetting

% stabilization of f polynomial%
%
%

beta=1;
if abs(epsi(kcou,1»>tp

beta=(tp"sign{epsi(kcou,1»)/epsi(kcou,1);
end

%Measurement update
K=P"psi(ii)/(1/beta+psi(ii)'"P"psi(ii»;
P=(P-K"psi(ii)'"P);
theta=theta+K"epsi(kcou,1);

%Time update
P=P"(AlphaMax-AlphaMin)/AlphaMax+AlphaMin"eye{npara);

f=fstab([1;theta(1:nf)])';
theta(1:nf)=f(1:nf);
f=[1;theta(tif)];

w=phi(ii) '"theta;
wtil=w+theta (1 :nf) '"psi (1 :nf);
phi(ii+1)=phi(ii);
phi(1)=-w;
psi(ii+1)=psi(ii);
psi (1)=-wtil;
thm(kcou,:)=theta';
yhat (kcou) =yh;

% [Vcon,Dconl=eig(P);
% EigP(kcou,:)=ones(1,npara)"Dcon;
% lambda=O. 99"lambda+0. 01;
end % Recursion
yhat=yhat' ;

This implies
values of the

[THM,YHAT]=roe_1m(Z,NN)

M. van Minderhout 21/06/1995
Eindhoven University of Technology

See also ROE and MYRARX

The model is defined as:
w(t)=B(qA-11/F(qA-1)"u(t)
y(t)=w(t)+e(t)
where B(q) = bO+b1"qA_1+ .•. +bn"qA-n
and F(q) = 1+f1"qA-1+ ... +fn"qA-n
Note that the parameter bO is estimated as well.
that for the prediction at time t, not only past
data are used, but also the input at time t.

function[thm,epsi,EigP,phi,psi,yhat]=roe_1m(z,nn) %,ff,thetaO,pO,phi,psi)
%ROE_1M Computes estimates recursively for an output error model using
% the Recursive Prediction Error Method
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%

flops (0);
[nz,ns]=size(z);
nb=nn(1);
nf=nn(2) ;
npara=nb+1 +n f;
nregr=nb+1+nf;

% number of parameters
% number oJ regressors

% Initial Conditions
if nargin<7, psi=zeros(nregr,l); end
if nargin<6, phi=zeros(nregr,1); end
if nargin<5, PO=1000"eye(npara); end
if nargin<4, thetaO=eps"ones{npara,1);end
if isempty(psi), psi=zeros(nregr,1); end
if isempty(phi), phi=zeros(nregr,1); end
%if isempty(pO), PO=1000"eye{npara); end
%if isempty(thetaO), thetaO=eps"ones(npara,1);end
if length(thetaO) -=npara,
error('The length of the taO must equal the number of estimated
parameters!'} I

end
[thetaOnr,thetaOnc]=size(thetaO);
if thetaOnr<thetaOnc, thetaO=thetaO';end

theta=thetaO;
AlphaMin=0.001;
AlphaMax=O. 01;
tp=0.5; %turning point for robustness
ii=l :nregrj
P=PO;
% Recursion starts

for kC01O=1:nz
phi(nf+1)=z(kcou,2); %phi=(-w_(t-1),u_t ...
util=z(kcou,2)-theta(1:nf)'"psi(nf+2:npara);
psi (nf+1) =util;
yh=phi(ii) '"theta;
epsi(kcou,1)=z(kcou,1)-yh;

%Extra weight for robustness

ROE_1M.M
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