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Abstract— This paper presents selected methods in angular rotor speed estimation for induction motor drives.
Modern control schemes for high-performance drives (e.g.
Field Oriented Control, Direct Torque Control) are based
on precise knowledge of some physical quantities that are
hard to measure or are immeasurable in standard machine
(e.g. fluxes). Other quantities needed for control require
additional transducers that are expensive in comparison
to overall costs of the drive or can decrease reliability
when operated in hostile environment (e.g. speed encoders).
Thus, many researchers focus on developing various estimation algorithms to enable construction of low-cost highperformance reliable drives. The favoured estimation model
type depends very much on the researcher and the process
to be controlled and hence this paper does not attempt to
make a value judgement as to which is best. Nevertheless,
we will try to take a critical look at some aspects of selected
artificial-neural-networks-based solutions.
Keywords— Induction motor drives, speed estimation
techniques, artificial neural networks.

I. I NTRODUCTION
Even the best controller will fail if fed with wrong
information on state of a plant to be controlled. Nowadays
we have effective control schemes for demanding AC
drive applications. The less reliable part of the system are
very frequently sensors (sensor itself or electrical coupling
between sensors and a controller board) or estimation
schemes designed to eliminate those sensors. Field oriented methods are well-established in drive industry and
seem to fulfill quality demands. In this paper we will
focus on speed estimation techniques, especially those
incorporating artificial neural network (ANN) algorithms.
Unfortunately, speed estimation techniques are often too
inaccurate to be implemented in life-critical applications.
Many manufacturers will not take responsibility for introducing e.g. speed- or position-sensorless drive in demanding application. A concept of self-sensing machine
is emerging recently. Some researchers, especially those
related to UW-Madison, see the future in machines that
are actuators and sensors at the same time [1], [2],
[3]. However, today’s industry delivers electrical motors
that are designed to serve as actuators rather than selfsensing machines. Concurrently, there is a demand for
speed-sensorless high-performance drives for non-lifecritical applications. Hence there still exist a need for
improving estimation techniques. A quite numerous group
belongs to ANN-based schemes. We will try to highlight
weak point of well-known ANN-based techniques and
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will try to show how they can be strengthened using
"algorithmic" solutions (model-based solutions). As far
as flux estimation techniques are taken into account,
we have proposed opposite approach - we have shown
how "algorithmic" solutions can be improved using ANN
methods [4]. Independently on which reasoning we will
follow, conclusions are the same: model-based solution
can benefit from ANN techniques and vice versa.

II. "C LASSICAL " M ODEL - BASED S OLUTIONS
There is a vast variety of model-based solutions for
induction motor speed estimation problem. Their efficacy
depends mostly on accuracy of parameters identification.
They can be divided into two main groups: open-loop
observers (calculators) and closed-loop observers. The
former ones are usually very sensitive to parameter variations whereas the latter ones are more robust thanks
to presence of a correction loop. One can also group
them according to the methodology used during the
design procedure. Some examples are: pseudoinversion
[5], extended Kalman filter (EKF) [6], [7], Luenberger
observers[8], [9], sliding-mode observers [10], Model
Reference Adaptive Systems (MRAS). These estimators
are widely described in literature and we will not discuss
them here. Let us just mention basics of MRAS to
compare it with some ANN-based estimators. It is worth
to notice that MRAS-based speed observers are probably
the most popular solutions for speed-sensorless AC drives.
The MRAS system consists of reference model and
adaptive model both exited usually by the same signal(s).
The error (the difference between their outputs) is utilized
to calculate a new value(s) of selected parameter(s) of
adaptive model. Very often the adaptation rule is of a PI
type. As far as speed estimation task is considered, one
of the adjustable parameters is equal to or proportional
to estimated speed. An example of such speed estimator
for AC drive is shown in Fig. 1. Please refer to e.g. [11]
for more details. In this particular case, so called voltage
model
⎧
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Fig. 1. Model Reference Adaptive System (MRAS) for induction motor
speed estimation

L2

where σ = 1 − Lsm
Lr , is employed as a reference model.
A current model
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We will compare this rule later with another one related to
ANN training. Note that error signal is proportional to the
sinus of angle between reference rotor flux space vector
and its equivalent obtained from adaptive model. Thus, it
can be regarded as a PLL (Phase Locked Loop) system.
Mentioned estimator requires some additional modification before implementation in real control system. For
more explanation please refer to [12]. Accuracy of such
estimator depends mostly on reference model exactness.
It is quite difficult to put into effect a voltage model.
This model usually fails for low speeds because of stator
resistance modelling errors. An adaptation scheme for
resistance identification can be essential, but even this
does not eliminate all drawbacks of the voltage model.
Thus, many researchers propose MRAS-based estimators
with different reference models and adequately defined

ADALINE-besed MRAS speed estimator

error functions. Let us just mention a few of them:

(2)

r
where τ1r = R
Lr , is introduced in adaptive part of the
system and speed is used as an adaptive parameter. The
error function is defined as follows

ε1

Fig. 2.

ε5

(6)
(7)
(8)
(9)

where em stands for back electromotive force and Q
denotes reactive power. Detailed information can be found
here [13], [14], [15].
III. "N EURONAL " M ODEL - BASED S OLUTIONS
There exist a class of MRAS-like estimators with
ANN as adaptive model. An adaptation rule is derived
using algorithms dedicated to ANN training (e.g. error
backpropagation method). Probably the most popular one
and still frequently cited belongs to L. Ben-Brahim and R.
Kurosawa [16], [17]. The adaptive model is designed as
a linear neuron (ADALINE, ADAptiveLINEar, ADAptive
LInear NEuron, ADAptive LINear Elemnt). One of the
weights is proportional to estimated speed. (Fig. 2) For
clarity’s sake, we will repeat those equations:
(k)
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defines the adaptation rule in which η is learning rate and
µ is momentum term. Note that these equations can be
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reorganized in the following way
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This clearly shows that above ADALINE training algorithm, derived using error backpropagation method,
is identical to PI rule (compare (5) with (14)). The
only difference lies in error function definition. But even
this difference diminishes with decreasing sampling time.
Note that for small sampling time
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Fig. 3.

(15)

In fact, we do not have a new solution. Neural solutions
that incorporate on-line training (incremental training)
can turn out to be not quite "neural" algorithms. Online adaptation rule is sometimes equivalent to integration
action. It happens often for ANN with linear activation
functions. This applies in equal measure to neuroestimation and neurocontrol problems. We would suggest
not to call solutions with ADALINEs a artificial-neuralnetwork-based ones or artificial-intelligence-based ones.
Especially now when we already know how to model
the dynamical behavior of a real neuron (see literature
on spiking neurons), we are aware that ADALINE has
almost nothing to do with AI. We cannot expect from
ADALINE-based solutions better robustness to noise and
parameters variations than the one that can be observed in
PI-like solutions. Nevertheless, ADALINEs can be trained
using more advanced techniques (e.g. TLS EXIN neuron
[18]) to achieve a bit better noise handling.
There are MRAS-like solutions with nonlinear ANN.
For example, in [19] an ANN is trained in a system
depicted in Fig. 3. We have tested that all these three
estimators behaves very similar. Their accuracy depends
mostly on exactness of the reference model which is
simple voltage model with all its well-known drawbacks.
Some authors propose to increase performance of these
estimators by replacing voltage model with e.g. Luenberger observer. Other designs employ MRAS with adaptive system that reconstructs measured signal at output,
e.g. stator currents [20], [21]. It means that the plant
(inverter-fed induction machine) is the reference model
itself. It could result in very robust system, because
reference system is not a model (no modelling errors
occur in this part of the MRAS). Nevertheless, the authors
of this particular solution claim that the performance is
very similar to the one with a rotor flux in error equation
[21].

ANN-based MRAS speed estimator

IV. "P URE " ANN- BASED S OLUTIONS
ANNs owe their popularity to nonlinear function approximation ability. They are widely used to solve problems that can be characterized as black-box. The design
procedure assumes that we know input and output signals,
but we do not know mathematical description of the
process happening inside the black-box. There are many
attempts to solve various estimation problems that occur
in drives as black-box ones. Some remarks on ANN-based
flux estimation can be found in [4]. As far as mechanical
speed is considered, a very straightforward choice is to
use ANN as a function f1 approximator where f1 is
defined as follows
(k) (k)
(k−1) (k−1)
, is
, ...)
ω (k)
r = f1 (us , is , us

(16)

Practical realization requires limited length of tapped
delay lines (TDLs, number of delayed signals in (16)).
For example, it was assumed and partially proved in [22]
that a single delayed signal is enough. It occurs in some
control systems for AC motor that this relation can be
function-like even for zero-length TDL [23], [12]. This
implies that a static system
(k) (k)
ω (k)
r = f2 (us , is )

(17)

can serve as a speed estimator. Of course, it is impossible
to model dynamical system, e.g. like this one
½
ẋ = Ax + Bu
(18)
y = Cx
using static mapping
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y = f 3 (u)

(19)

Nevertheless, it can occur that for
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∙
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∝
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where x1 denotes measurable part of the state vector and
x2 is a part of the state vector to be estimated, a relation
between (u, x1 ) and y can be successfully approximated
as a function
y = f 4 (u, x1 )
(21)

And this is the case of speed estimation in selected AC
drives. The presence of control system can additionally
simplify this task. Note that control loops are often designed in such a way that dominating time constants of the
plant are compensated. This in turn implies that relation
between (u, x1 , xc , uc ) and y, where xc - state variables
introduced by control system, uc - input functions (incl.
reference signals), is usually more function-like then the
one between (u, x1 ) and y.
The single biggest problem with (16) is that there exist
a serious mismatch between frequency spectra of input
and output signals of the ANN. For example, we have
1−50 Hz at inputs and we expect 0 Hz at output in steady
state. Any discrepancy between training set and real plant
signals (note that real plant is always time-variant due
to parameters fluctuations) will lead to transmitting input
frequencies to output (estimated speed).
V. "S MART " ANN- BASED S OLUTIONS
As mentioned before, there are many attempts to solve
various estimation problems as black-box ones. Our research shows that such approach is usually not the most
effective one. Most real problems are rather of a graybox type. Usually we know at least rough mathematical
description of the process to be observed or controlled.
Many ANN-based solutions will be more effective if we
utilize this rough knowledge during the design phase. Let
us analyze e.g. rotor angular speed estimation problem. A
black-box solution (16) can be turned into more "smart"
one by replacing us and is with a set of e.g. 6 signals
obtained from nonlinear transformations of stator voltages
and currents [12], [24], [25]:
q
u1 = |us | = u2sα + u2sβ
(22)
q
u2 = |is | = i2sα + i2sβ
(23)
u3

u4
u5

u6

< (us i∗s ) = isα usα + isβ usβ =
|us | |is | cos ] (us , is )
= (us i∗s ) = isα usβ − isβ usα ∝
|us | |is | sin ] (us , is )
µ ¶
us
isα usα + isβ usβ
= <
=
=
is
i2sα + i2sβ
|us |
=
cos ] (us , is )
|is |
µ ¶
us
isα usβ − isβ usα
= =
∝
=
is
i2sα + i2sβ
=
=
=
∝

(24)
(25)

(26)

(27)

|us |
sin ] (us , is )
|is |

This makes approximation task much easier (hypersurface
is more flat, the "ill-posed" problem is transformed into
the "well-posed" one). Note that there is no mismatch
concerning input and output frequencies (see Fig 4 and
Fig. 5). Moreover, proposed input signals are highly

Fig. 4.
Frequency analysis of selected signals: frequency spectra
matching between ω m and u4 ; an example of useless in discussed
architecture signal u21 = isα usβ + isβ usα

Fig. 5. Time-frequency analysis of selected signals: frequency spectra
matching between ω m and u4 ; an example of useless in discussed
architecture signal u21 = isα usβ + isβ usα

correlated with speed signal. The correlation goes directly
from phenomenological understanding of AC machine,
e.g. u3 is an active power which is almost proportional to
multiplication of electromagnetic torque and mechanical
speed, u4 is a reactive power which is highly correlated
with mechanical speed (assuming constant flux amplitude), etc. The ANN training process can be speeded up
with the help of well known data-mining techniques like
Principal Component Analysis (PCA) [24] or Independent
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Fig. 7. Schematic diagram of the test setup (DSFOC Drive with ANNbased speed estimator)

Fig. 8.
Inc.)

Screenshot of main control panel (ControlDesk from dSpace

Fig. 6. Selected ANN-based speed estimators: not making use of
additional signals coming from control system (a)-(c), and utilizing
additional signals coming from control system (d)-(f)

Component Analysis (ICA). PCA and ICA enable us to
withdraw linear dependencies from the training set. In
many cases this also improves generalization in recall
mode. Not only stator terminal signals can be used to span
approximation space. There are at least few signals available in every drive control system that are well correlated
with speed, e.g. reference speed, reference torque. It is
advisable to use them in estimator subsystem. Some of the
tested configurations are shown in Fig. 6. An experimental
drive was build to verify estimators with phenomanainspired static nonlinearity (Fig. 7, 8, 9). The direct stator
field oriented control method (DSFOC) was used in all
presented here experiments. Selected estimators were also

Fig. 9.
Screenshot of virtual oscilloscopes within control panel
(ControlDesk from dSpace Inc.)
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Fig. 10. Selected oscillograms for fast speed controller: a) encoder in
the loop, b) ANN-based estimator in the control loop

Fig. 11. Selected oscillograms for fast speed controller: a) encoder in
the loop, b) ANN-based estimator in the control loop (zoomed)

tested in DTC-SVM drive. Performance of the estimator
is rather independent from type of FOC control scheme.
Exemplary oscillograms from experimental drive are depicted in Fig. 10, 11, 12, 13, 14, 15. It was observed that
the estimator is robust to variations of speed controller
settings (compare Fig. 10 with Fig. 12).More details can
be found in [12].
If the relation between signals available in the system
and speed signal cannot be satisfactory approximated as
function-like one, some dynamics have to be introduced
in the estimator. There are at least three commonly used
neural solutions for system dynamics approximation task:
placement of TDLs at inputs of FFNN (Feed Forward
Neural Network), introducement of recurrent feedback
(RNN, Recurrent Neural Network), on-line training. Nevertheless, in some cases it is feasible to approximate the
dynamics of the system with the help of FFNN without
TDLs. Instead of mostly long TDLs, it is possible to use
simple dynamical preprocessing. The authors found out

Fig. 12. Selected oscillograms for slow speed controller: a) encoder
in the loop, b) ANN-based estimator in the control loop

Fig. 13. Sellected oscillograms for slow speed controller: a) encoder
in the loop, b) ANN-based estimator in the control loop (zoomed)

Fig. 14. System response to step change in load torque: a) encoder in
the loop, b) ANN-based estimator in the control loop
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Fig. 15. System operation in low-speed region: a) encoder in the loop,
b) ANN-based estimator in the control loop

We are convinced that gray-box solutions surpass
black-box ones in terms of performance. Our research
shows that nonlinear and/or dynamical preprocessing
plays key role in good generalization. If we "know" what
kind of analytical relation will an ANN model, do it analytically. Train the ANN to model only those parts of the
system that are "unknown" to us, like nonlinearities and
uncertainties (see e.g. [32]). We will draw here a figurative
estimation problem that occurs in FOC and DTC drives:
flux angle and flux modulus estimation from voltage
and current space vectors coordinates given in stationary
reference frame (αβ). One can put (usα , usβ , isα , isβ )
at inputs of RNN and train it to reconstruct angle γ ψs
and |ψ s |. Obtained estimator will be probably not very
robust (mainly due to frequency mismatch at steady state:
sinusoidal input signal for a saw and a constant¡output sig-¢
nals). A gray-box solution could be like this: ψ sα , ψ sβ
at outputs of the ANN and angle/modulus calculated
ψ
from obvious equations γ ψs = arctan( ψ sβ ) and |ψ s | =
sα
q
ψ 2sα + ψ 2sβ (see also ANN approach to HammersteinWiener models). There is no point in forcing the ANN to
model inverse tangent and Euclidian norm. Let the ANN
focus on nonlinearities coming from magnetic circuit and
variations of plant parameters.
VI. C ONCLUSIONS

Fig. 16. Speed estimator incorporating linear dynamical preprocessing

that additional dynamical preprocessing can be a great
facilitation. Such solution was inspired by a Wiener’s
identification scheme with linear dynamics and nonlinear
statics connected in series. It was shown in [26] that
dynamical filtering of potential ANN’s input signals can
turn believed non-function modeling problem into function modeling one. The applications of such preprocessing
for ANN can be found in [27], [28], [29], [30]. There
are no straightforward rules saying how the dynamical
preprocessing could be designed. Nevertheless, physical
insight prompts first order inertia in case of AC motor.
Take a notice of first order inertia blocks in AC machine
mathematical model presented figuratively in e.g. [31].
One of the tested solutions is depicted in Fig. 16.

We have presented selected neural algorithms dedicated
to angular rotor speed calculation in induction motor
drive. We have also shown that some solutions commonly
believed to be neural ones are in fact "classical" systems
with PI adaptation rule. Some weaknesses of algorithmic
solutions (parametric solutions) can be overcome with the
help of artificial neural networks. ANNs are famous for
their ability to solve black-box problems. However, our
experience shows that sometimes it is better to approach
the problem as gray-boxed rather than black-boxed. A
properly designed linear or nonlinear, static or dynamical signal preprocessing that forms variables spanning
approximation space for ANN plays key role in estimator
performance. Examples of nonlinear and dynamical input
signal preprocessing for speed ANN-based estimator was
presented. It is clear for us that in many cases putting
more stress on signal preprocessing instead of testing
numerous ANN architectures can bring more benefits.
ACKNOWLEDGMENT
The paper was financed by the National Scientific
Research Committee (Poland) under Grant 3T10A02728
(2005-2007).
A PPENDIX
All included in the paper results are linked to the
induction motor with parameters given in Table I.
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TABLE I
I NDUCTION MOTOR PARAMETERS
Parameter

Symbol

Unit

Value

Type of rotor
Nominal power

PN

kW

squirrel-cage
1.5

Nominal voltage
Nominal current
Nominal speed

UN
IN
ωN

V
A
rad/s

127/220
12.0/6.9
97

Number of pole pairs
Stator resistance
Rotor resistance
Stator inductance
Rotor inductance

pb
Rs
Rr
Ls
Lr

Ω
Ω
mH
mH

3
1.54
1.29
100.4
96.9

Mutual inductance
Moment of inertia

Lm
J

mH
kg m2

91.5
0.15
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