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Abstract: This paper presents a comparative estimation study of rotor speed and position of a sensor-less axia flux
permanent magnet synchronous motor (AFPM SM) drive system using extended Ka man filter (EKF) and unscented Kalman
filter (UKF) agorithms. An internal model control (IMC) strategy is introduced to control the AFPMSM drive through
currents, leading to an extension of Pl control with integrators added in the off-diagonal elements to remove the
cross-coupling effects between the applied voltages and stator currents in a feed-forward manner. The reference voltageis
applied through a space vector pulse width modulation (SVPWM) unit. A diverse set of test scenarios has been realized to
comparatively evaluate the state estimation of the sensor-less AFPMSM drive performances under the  implemented
IMC-based control regime using a SVPWM inverter. The resulting MATLAB simulation outcomes in the face of no-load,
nominal load and speed reversa clearly illustrate the well-behaved performances of the two estimation algorithms. The
UKF seems to be more promising under noisy conditions. Nevertheless, there is no clear preference for either where

steady-state performance is more critical.
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1 INTRODUCTION

In recent years, agreat deal of interest has been dedicated to
develop digital control techniques to industrial AC drive
systems and variable speed drives. Space vector pulse-width
modulation (SVPWM) presents one of the most efficient
methods for this purpose which relies on analysis of
three-phase inverter in the complex plane by the Space
Vector theory. Compared to the conventional sinusoidal
pulse width modulation (SPWM), SVPWM is more suitable
for digital implementation and can increase the obtainable
maximum output voltage with maximum line voltage.
Moreover, it can obtain a better voltage total harmonic
distortion factor. The SVPWM main goal is to achieve
symmetrical 3-phase sine voltage waveforms of adjustable
voltage and frequency, while SYPWM takes the inverter
and motor as a whole, using the eight fundamental voltage
vectors, to redlize variable frequency of voltage and speed
adjustment[1]-[5].

In the recent years, paramagnet magnet (PM) machines have
gained more popularity than induction motorsin somefields
of AC variable speed drives due to the availability of new
PM materials that can introduce more energy and field.
These machines lack any windings in the rotors and hence
do not produce rotor resistive loss, leading to more
efficiency than induction motor drives.

PM machines are often classified in two groups: brushless
DC (BLDC) and permanent magnet synchronous motor
(PMSM). In BLDC machines, back-EMF is trapezoidal and
hence they are prone to produce more harmonics and losses
especialy in high speedsin contrast to PM SM machines due
to the sinusoidal back-EMF [6].
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First electrical machines are Axia Flux and their excitation
system was magnetic (M. Faraday 1831). In recent years
Axia flux machines because of two significant features are
more considered: high moment of inertia and low speed.
Both of these properties are due to impact structure and high
diagonal size. High moment of inertia plays the flywheel
role and so rotor speed remains stable. And low speeds are
available because of high diagonal size and rotor can hold
more pole-pairs, this feature is more interesting in tensional
and lifting application. And mechanical gear box is needed
no more and this reduces cost and increases efficiency of

system [7], [8].

2 STATEESTIMATION OF A SENSOR-LESS
MOTOR

Sensor-less strategies have been developed to overcome
technical problemsraised in the conventional drive systems.
Back-EMF can be used to estimate rotor position and speed
in high speeds. However, it is useless in low speeds and
stand-still conditions because of the small induced voltage.
Kaman filter (KF) can provide optimal estimations of rotor
position and speed, based on a valid linear dynamic model
of the motor, for both high and low speeds. Extended
Kaman filter (EKF) presents an aternative estimation
methodology once the motor can no longer be represented
by alinear dynamic model. EKF needs to calculate a linear
model of the system on the working operating point and this
might be considered as a drawback for an observer or
estimator becauseit is costly, complex and time consuming.
UKF provides an alternative estimation tool for such highly
non-linear applications which do not rely upon any
linearization procedure. It uses a deterministic sampling
approach to capture the state mean and covariance
propagations with aminimal set of sampling points.
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3 SENSOR-LESSAFPMSM DRIVE

The stator windings of an axial flux PM motor are different
fromitsradial flux PMSM counterpart. The main difference
lies in stator parameters which necessitate calculating
inductances that is very low in these machines comparing
radial flux machines. But, this is not needed in the former
because these parameters can be obtained by measurements.
As a conseguence, we can use conventional PMSM model
for the axial flux PMSM. In addition, there is no difference
between the back-EMF produced by a permanent magnet
with that produced by an excited coil [8]. Hence, the
mathematical model of an axia flux permanent magnet
synchronous motor is similar to that of the radial PMSM.

The following assumptions are made in the model
derivation:

a) Saturationisneglected although it can betakeninto
account by parameter changes.

b) The back-EMF is sinusoidal.

c) Eddy currents and hysteresis and stray losses are
negligible.

Accordingly, the stator d and q equations in the rotor
reference frame are given by [6]:

Vg = Rig + plg — wsdy (@D}
Vg = Rig + plg — wsdy 2
Where
Aqg = Lqig 3
Aa = Lalq + Ao 4

v,y and v, arethed and g axis voltages, i; and i, denotethed and
q axis stator currents, Ly and L, indicate the d and q axis
inductances, A4 and 4, are the d and g axis stator flux linkages,
while R and wg represent the stator resistance and inverter
frequency, respectively. 4, is the flux linkage due to the rotor
magnets linking the stator. The el ectric torque can be expressed by:

T, = 3P[Agsiy + (La — Lg)iaiy]/2 ()
And the equation for motor dynamic is:
T,=T,+ Bw, + JPw, (6)

P denotes the number of pole-pairs, T; indicates the load torque, B
show the damping coefficient, w, is the rotor speed, and J is the
moment of inertia.

The inverter frequency is related to the rotor speed as follows:

ws = Pw, U
The machine model is nonlinear as it contains product terms such
as speed with i; and i;.

For dynamic simulation, the equations of the PMSM, summarized
in (1)-(6), must be expressed in the following state-space form:

Pw, = (T, = T, — Bw,)/] ®)
Pig = (vq — Rig + wsLqig)/La ©)
Piy = (q — Rig — wsLgiq — wsAaf)/Lq (10)

The d and q variables are obtained from a, b, ¢ variables through
the Park transform, defined as:

v, sin(8) sin(6 —2n/3) sin(6 + 2m/3)

q
p 1/2 1/2 1/2

Vg cos(8) cos(@ —2m/3) cos(@+2m/3)| [va
i B
UC

The a, b, ¢ variables are obtained from the d, q variables through
the inverse of the Park transform as follows:

Vg cos(0) sin(8) 1] rvq
[Vb] = |cos(6 — 2n/3) sin(6 —2m/3) 1 .[Uq] (12
Ve cos(0 + 2m/3) sin(6 +2m/3) 1| W
4 SVPWM INVERTER
Space vector modulation (SVM) represents one of the
preferred real-time modulation technique which is widely
employed for digital control of voltage source inverters [9],
[10]. This section presents a concise introduction to the

principle and implementation of the space vector
modulation for atwo-level inverter.

Fig. 1: Three phase, two level inverter

The operating status of the switches in the two-level
inverter, shown in Fig. 1, can be represented by switching
states. The switching state ‘P’ denotes that the upper switch
in an inverter leg is on and the inverter termina voltage
(Van Van, Ven) is positive (+V,;.) while ‘O’ indicates that
theinverter terminal voltageis zero due to the conduction of
the lower switch. Therefore, there are eight possible
combinations of switching statesin the two-level inverter as
listed in Table 1. The switching state [POO], for example,
corresponds to the conduction of S1, S5, and 2 in the
inverter legs A, B, and C, respectively. Among the eight
switching states, [PPP] and [OOQ)] are zero states and the
others are active states.

Tab. 1: Space Vectors, Switching States, On State Switches,
Vector Definitions

Space | Switching | On State -
Vector States Switches Vector Definition
R [PPP] Sy, 53,85 o
o [000] | S,,S.S, Vo=0
v [POO] | S5, S Vi =V2(V2vae +
! poers2 V3V, + V)[4V,
v, [PPO] | 51,55,8, | Vo = (Vae +V6V,)/2V,
> Vs = V2(V2Vye +
Vs [OPO] | SuS58; | 5, [EB) / Ajjd
a c
= Vy =V2(V2V4 +
A [OPP] | S,,Ss,Ss \/%V ' ‘Eﬁ)/4d‘;d
a C
72 [OOP| 54:S6,Ss | Vs = (Vae + V6V, )/ 2V,
> Vo = V2(V2Vye +
| o | suss | T
a c

The active and zero switching states can be represented by
active and zero space vectors, respectively. A typical space
vector diagram for the two-level inverter hasbeenillustrated
inFig. 2, where the six active vectors V, to 176 formaregular
hexagon with six equal sectors (I to VI). The zero vector 170
lies on the center of the hexagon.



4.1 Simulation of SVPWM

Based on the principles of SVPWM, the simulation models
for generating SVPWM waveforms mainly include the
sector selection, gate switching time calculation, and
generation of SVPWM waveforms. At the first, it is
necessary to determine that the current voltage vector is
within which sector.
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Fig. 2: Diagram of voltage space vector

Considering that the expression of vector in the o-f
coordinate system is suitable for control implementation, the
angle can be determined in afuzzy manner from a-f form of
voltage vector. For thispurpose, atan2 functionis utilized by
the virtue of considering speed reversal action. The atan2
function provides angle in radians that must be converted to
degree, the sector selection implemented in Tab. 2.

Tab. 2: Sector selection rule

Angle Sector

From O to 60
From 60 to 120
From 120 to 180
From -180 to -120
From -120 to -60

From-60to 0 6

a b WN PP

In the next step, gate switching time is calculated. Gate on
and off timeis then calculated as follows:
Toy = (1=V)/2 (13)
Torr = (1+V)/2 (14
V is the specified voltage vector from Table 1 according to
the selected sector.
For generating logic gate command, a ramp signa is
generated and then compared with gate switching times of
each phase. Gate commands of inverter’s switches are
generated via Table 3.

Tab. 3: Gate Command Signa Generation

Phase A Phase B Phase C
If If If
Torr SR<Ton | Torr SR <Toy | Torr SR <Toy
Switch | Switch | Switch | Switch | Switch | Switch
10N 2 OFF 3 ON 40FF | 50N 6 OFF
Else Else Else

Switch | Switch | Switch | Switch | Switch | Switch
10FF | 20N 3 OFF 4 0ON 50FF | 60N

5 CURRENT CONTROLLER
5.1 Internal Model Control

In this paper, the internal model control (IMC) method [11]
has been introduced and applied through current control

scheme, as depicted in Fig. 3. The main benefits of the IMC
methodology are the followings. It leads to synchronous
frame PI-type current controllers. The controller parameters
(i.e., gain and integration time) can be expressed directly in
certain machine parameters and the desired closed-loop
bandwidth. This simplifies the design procedure and hence
trial-and-error steps are avoided.

) +

Fig. 3: IMC structure

IMC is considered as a robust control method [7]. Its
structure uses an internal model G (s) in parallel with the
controlled system G(s) . For an ac machine, output
represents the stator voltage and current vectors,

: : T
respectively, while r = [i7 i7*/] indicates the current

set-point vector. The control loop is augmented by a
block C(s); the so-called IMC controller. G(s), G(s) and
C(s) areall transfer function matrices.

5.2 Controller design for the axial flux PM SM

Since G (s) has no right-half-plane zeros and behaves as a
first-order system for high frequencies, it can be written:

G(s) = G (s)L(s) (15)
Where al diagonal elements may be selected equal as:
L(s) = (a)/(s + a) (16)

The tuning problem, which for a Pl controller involves
adjustment of two parameters, is hence reduced to the
selection of one parameter only, the desired closed-loop
bandwidth. Since, for afirst-order system, therisetime ¢, is
related to @ ast, =1In9/a, a specification of the ¢,
immediately yields the desired bandwidth and, in turn, a
suitable controller. The equivalent classic controller can be
found as:

s (17)

(18)

It is, thus, more straightforward to implement the classic
structure than the IMC structure, shown in Fig. 3. A
comparison with two standard PI controllers (for thed and g
loops) shows that (17) is an extension of Pl control with
integrators added in the anti-diagonal elements of F(s) in
order to remove the cross coupling effects, with:

La Ty = Lq (19)
Rs R
Figure 4 shows the schematic diagram of the current
controller. Two PI controllers are employed to regulate the
stator currents and feed-forward control is then used to
decouple the dynamics between the applied voltages and the
currents. The inputs of the current controller are the current
reference and the rotor speed, while its output is the
reference voltage. The reference voltage will be applied to

Kd =aLd,Kq =anJTid =



SVPWM unit. The outputs of the PI controllers are limited
and have anti-reset windup. Compensation methods can be
used to improve the performance at low speeds.

Fig. 4: Current controller block
6 STATEESTIMATION

6.1 Motor nonlinear equations

To avoid convergence problems at startup and to simplify
the motor equations, the rotor reference frame is chosen for
evaluation of the Kalman filters [12]. The motor nonlinear
state equations can be expressed in the form:

x(t) = F(x(£))x(t) + Gu(t) (20)
y(®) = Hx(t)
Whereu = [Ua UYq] andy = [ig iq] are the input and
the output vectors, respectively. The state variables are:

x=[la lg we 6] (21)
The system state matrices are defined as:
(L er o
| e L |
L R K
F e
GO = ~oft —p -1 (22)
0 0 00
0 0 10
1 T
— 00
_|La ] _n oo o
o N P R (23)
1" L, ]

6.2 EKF algorithm

The EKFisan optimal estimator intheleast square sense for
the estimation of nonlinear dynamic systems. It is derived
from the Kalman filter based on successive linearization of
the signal process and observation map [14]. More details
can be found in a previous work [13]. For this application,
the motor nonlinear state equations (20) are expressed in the
discretized form:
Xr1 = Fa(x)xe + Gauge+wy (24)
Vi = Haxy + v (25)
The state model, represented by (24) and (25), also includes
the dotatistical description for the inaccuracies, where
wy, = w(kT,) andv, = v(kT;) are, respectively, the zero
mean Gaussian process and measurement noise vectors with
covariance matrices Q and R. The discretized matrices are
derived using the exponentiad Taylor approximation
[15]-[16], assuming a small sampling time and the use of
zero-order-hold (ZOH) sampling technique.
Fy= I1+4+FT,,G,= GT, ,Hy =H (26)
The basic idea of the EKF is to linearize the state-space
model represented by (24) and (25) at each time instant
around the most recent state estimate, which istakenat %,
or X,_,. Once a linear model is obtained, the standard

Kaman filter equations can be applied. The prediction of the
state covariance requires the online computation of Jacobian
matrix @, defined as:
oF (x (t))x(t)
k=1 ox . " ox
X=Xk|k-1

The Jacobian of H is not calculated because H islinear. The
discretized Jacobian of @, _, will be approximated as:

Py =1+0, T (28)
For a given sampling time t;,, the optimal state estimation
Xy and its covariance matrix ﬁk|k are generated by the
filter through a two-step loop. The first step performs a
prediction of both quantities using the previous estimates
Xk @nd the mean voltage vector (u,._;) actually applied to
the systemin the period t,_; to t,. The second step corrects
the predicted state estimate and covariance matrix by the
measured actual motor phase currents.

Sep 1: Prediction (time update)

ax
= 9 (27)

X=Rk| k-1

Riji—1 = Fa(Rx—1j-1)Bu-1jk—1 + Ga(uy_q) (29)
Prik = D@ g1 Pr—1jk-1Pr—1 + Qa (30)
Sep 2: Innovation (measurement update)
Rijie = Rije—1 + Kie (Y — HRyjie-1) (31)
Pklk = Pklk—l - KkHPka—l (32)
The Kalman gain is calculated by:
Ky = Puge—sH [HPy—aH + Rg] (33)

The covariance update involves subtraction and thus can
result in loss of symmetry and positive definiteness due to
rounding errors. Joseph’s form covariance update [14]
avoids this at the expense of some computational burden:

P =1 — Kka—l]Pklk—l[I — K Hy_1]7!
+ K RyK,

6.3 UKF algorithm

The UKF is a derivative free adternative to the EKF [14].
The basic mechanism for UKF is the same as the one
described above by the equations (29) and (31). The
difference is that the UKF performs the state estimation by
approximating the probability distribution after performing
the computation using the nonlinear function, rather than
approximating the nonlinearity itself as in the EKF. To do
this, the UKF utilizes the Unscented Transformation (UT).

A set of deterministic sample pointsis taken around the last
known state and propagated through the rea nonlinear
function. With these results, a mean and covariance can be
approximated using awei ghted sample mean and covariance
of the transferred sample points. These weighted sample
points are generated asfollows. Consider the state variable x

with dimension L having mean X and covariance P,. We
now choose a set of 2L +1 weighted samples y; (sigma
points) deterministically so that they completely represent
the true mean and covariance of state X.

Xo =%
Xi =J?+<J(L+A)Px)_ i=1..,L (35)
xi=9?—(./(L+A)Px), i=n+1,..,L
L
m) _ A
W ="+
Wo® =Wy ™ +1-a?+p (36)
W™ = 1/2(L + 2)

(34)



Where 1 = a?(L + K) — L indicates a scaling parameter.
The superscripts m, ¢, denote the weight point for mean or
covariance calculation, respectively. The constant «
determines the spread of the sigma points around x, and is
set to a small positive value (eg., 1 < a <107%). The
constant x is a secondary scaling parameter which is usually
set to (3-L), and B is used to include prior knowledge of the
distribution of x (for Gaussian distribution 8 = 2 is optimal).
(VL + DP,) isthei-th row or column of the matrix square

root of (L + A)P, , and W; is the weight associated with the
i-th sigma point so that Y%, W; = 1. Now each point is
propagated through the nonlinear function to yield a set of
transformed sigma points.

Y, = g(X) (37)
The mean and covariance of y are approximated by the
weighted average mean and covariance of the transformed
sigma points.

Tab. 4: UKF agorithm

Initialize the state mean and covariance

for k=1, ...,

1. Calculate the sigma points using equations (35)(36)
2. Predict (time update):

Xklk—-1 = F[xklk—l :uklk—l]
2L m)

o— _ m

X = Z WX ki1
i=0

2L . 7
P = Z-_()Wi [Xijee-1 = Zic | [Xik-1 — %ic] +@Q

3. Correct (measurement update):
Yite-1 = H|[xupe-1)

2L
Yk = Zi_owi(m)Yi,klk—l

2L . T
Py = Zi—oWi [Yi,klk—l - yk][Yi,klk—l - Yk] +R

2L
PXkYk = zi:o Wi(C) [Xi.klk—l - 9?:2][Yi,k|k_1 - ?E]T

Ky = kal’kpy_klyk
X = X + KD — )’1;)
Py =Py — Kk By, Ky

Table 4 shows the standard UKF algorithm for the additive

(zero mean) case which is used for the ssimulations.
2L
y=) Wy, (38)
2L =0

B=> W-NE-»N" (39)

=0
7 SIMULATIONRESULTS

To verify the state estimation performance of the UKF and
the EKF on a AF PMSM, a number of simulations were
carried out for different operating conditions. The EKF and
UKF agorithms were implemented in SIMULINK
environment. The parameters of the motor mode and
simulation are as following:

Stator winding self inductanceL, = 32mH, Stator winding
resistance R, =50 , Back EMF constant K, =
0.215Vs/Rad, Damping B = 0.001 Ns/rad , Number of
Pole-Pairs P = 2 , Rotor Inertia ] = 0.6 X 1073Kg.m?,
Nominal speed w, = 190 Rad/Sec , Nomina Torque
T, =2N.m , Drive current limit I,,. = 16A , Drive
voltage limit V4, = 200V, a=1,6=2,K =0

At first, starting and speed reversal performance of the
sensor-less drive were compared. For this purpose, a
SIMULINK model was developed as demonstrated in Fig.
5. Motor starts with nominal speed 1800 rpm in no-load
condition. At t=0.1s speed reversal command is applied.
Fig. 6 illustrates that the motor drive tracks speed command
well. Inthissimulation, anoisewith 0.5 A was added to the
current measurements to test the robustness of the system
against noise corruption. Fig. 7 shows the resulting speed
and position estimation performances. A set of further
simulations was carried out to evauate loading and
un-loading performances of the system. Drive system starts
in no-load condition and then a nominal load is applied to
motor after 0.1s. Afterwards, motor is un-loaded at t=0.2s
and then speed is reversed at t=0.3s. A nominal step load
applied to the motor at t=0.4s and at the end the motor is
un-loaded. The obtained results have beenillustrated in Fig.
8. And shows that the speed estimation performance of the
filters subsequent to the introduced step load changes. The
simulation results clearly indicate that both filters give good
performances under loading and un-loading conditions.
Nevertheless, the motor speed exhibits more oscillations but
with the UKF during the transient period before settling to
the steady state. However, it has smoother steady state
characteristic compared with the EKF. For the considered
drive system, the transient periods for the UKF and EKF are
0.05 sand 0.03 s, respectively. Fig. 9 shows the comparison
between speed and position estimation errors in UKF and
EKF algorithms.

—0 O~
Vabc Load

Fig. 5: Sensor-less control block diagram
7.1 Comparison

To compare the state estimation of the EKF and UKF in
more detal, the estimation errors are squared and
accumulated during the simulation run. The results are
shown in Fig. 10 for the no-load and full speed
four-quadrant simulation cases showninFigs. 7and 9. It can
be observed that the EKF performs dlightly better than UKF
during no-load startup. During the speed reversal, however,
the UKF performs better, resulting in a much lower
accumulated error count. Both estimators give good
steady-state performance. After a transient period, the
estimation error tends to zero, as observed in Fig. 7. The
transient response of the EKF seems dlightly better and the
steady-state condition is reached in a shorter time. It can be
observed that the speed estimate of the UKF is less noisy
than that of the EKF as indicated by the thinner speed error
trace. Asobserved in Fig. 10, speed reversal performance of
UKF is dightly better than EKF but the steady-state
performance of UKF is significantly better than EKF. The
dynamic response of the EKF, however, is better in no-load
condition as can be seen from Figs. 7 and 10. But, UKF
performs better in full load condition.
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8 CONCLUSION

An IMC-based current controller has been implemented for
a sensor-less AFPMSM drive system using the SVPWM
technique. The EKF and UKF estimation algorithms have
been comparatively developed and evaluated for such a
control system in a MATLAB software package
environment. Both estimators are found to be suitable
candidates for sensor-less control of AFPMSM drives. The
EKF performs dlightly better during motor start-up, but the
UKF performs better in tracking the speed. Nevertheless, for
industrial applications where steady state performance is
critical, there is no clear preference for either estimation
filter. It is observed that the UKF seems more promising
under noisy conditions with better filter characteristics than
the EKF.
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