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ABSTRACT A substantial reduction in the human environmental footprint can be achieved through the use
of more efficient motors, such as synchronous reluctance motors (SynRM). As low-cost motors, SynRMs are
commonly employed in sensorless AC drives. Sensorless algorithms based on the Extended Kalman Filter
(EKF) offer several advantages, but they require a time-consuming trial-and-error tuning procedure. This
paper proposes the automatic tuning of the EKF through a second Kalman Filter (KF) in a primary—secondary
(PS) configuration. The two KFs work concurrently: the first estimates the required quantities for machine
control, and the second updates the process noise statistics of the first KF. The second KF is much easier to
tune, requiring only one non-critical parameter. Experimental results confirm the validity of this approach.

INDEX TERMS Kalman filter, adaptive kalman filter, sensorless, synchronous reluctance motor (SynRM),

AC machines, primary—secondary Kalman Filter.

I. INTRODUCTION
The recent accessibility of affordable and powerful computa-
tional resources is rendering synchronous reluctance motors
(SynRMs) a feasible substitute for motors reliant on rare earth
permanent magnet synchronous motors (PMSMs), which
have drawn criticism for their significant environmental foot-
print. Compared to their major competitor, the induction
motor (IM), SynRMs offer greater efficiency and a superior
torque-to-volume ratio, positioning them to gradually com-
pete in various applications, including the automotive field.
Achieving reliability and cost reduction in SynRM drives
necessitates sensorless control. Deterministic algorithms,
such as hybrid flux observers [1], typically rely on a prede-
fined set of equations or rules for estimation. While effective
under specific conditions, they do not inherently account for
noise characteristics, making them more susceptible to sub-
optimal state estimation when measurements are noisy or the
model is inaccurate. As a valid alternative, Extended Kalman
Filter (EKF), widely used for PMSM and IM drives [2], [3],

appears to be a suitable candidate for SynRM drives as well,
although the pronounced magnetic nonlinearity of the motor
presents additional challenges.

Currently, the scientific literature on the application of EKF
to SynRM drives remains quite limited. In [4], angle estima-
tion offsets caused by inductance mismatch within a SynRM
sensorless control scheme based on active back EMF esti-
mation are alleviated by switching between multiple Kalman
filters based on different models with differing parameter sen-
sitivities, in order to robustify the estimation for a wider range
of angles. The same group presented this concept in [5], where
the estimated EMF is combined with adaptive filtering and
integration to obtain a smooth position estimate. These works
derive (single, or multiple switched) Kalman filters based on
linear steady-state models with the direct goal of estimating
the back EMF and use this signal to extract the position in-
formation, like it is also done in [6]. While this multi-step
and indirect angle estimation procedure is demonstrated to
work satisfactorily in practice, the back EMF is selected as
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an intermediate stochastic variable, a compromise that ignores
parts of the actual physical interdependence/coupling between
currents and rotor angle within the KF-models, but allows to
keep the models simple and linear, followed by a deterministic
(potentially unrobust and/or slow) filtered calculation of the
angle based on this back EMF. In contrast to such serialization
of multiple different methodologies, each with their own tun-
ing parameters that must be harmonized, the contribution at
hand applies the probabilistic viewpoint within a single frame-
work directly to the whole nonlinear SynRM model, directly
treating the angle as the variable to be estimated within the
Kalman filtering algorithm.

The EKF is based on a Taylor series approximation of the
nonlinear model. While this approximation helps in solving
the nonlinear problem, the EKF remains susceptible to ran-
dom noise, and incorrect characterization of this noise can
lead to reduced filtering accuracy and potential divergence.
Therefore, variance estimation is of primary concern [7], [8],
[9]. Over the last few decades, this topic has not been defini-
tively solved and has stimulated active research, as briefly
recalled in the following.

A. EKF TUNING TECHNIQUES

Excluding trial-and-error manual tuning, which is still widely
proposed but requires experienced engineers, many other tun-
ing solutions were proposed over the years. A particularly
imaginative one that was proposed in the 1970s [10] builds
statistics based on the noise sample generated by the filter
itself, obtained as the difference between estimated and mea-
sured quantities.

A different approach was proposed in [11], in which a suit-
able normalization forces the electromagnetic parameters of
the PMSM to vary in a narrow range, rather independently of
the motor size or shape. By applying a coherent normalization
of the EKF algorithm, the covariance matrices Q and R gen-
erally fit for almost all standard PMSM drives. The technique
facilitates the reuse of a tuned EKF on a different PMSM but,
strictly speaking, it does not fix the problem of the first tuning,
which remains on trial-and-error basis.

The Sage-Husa estimator, along with its variations, is
widely used in adaptive EKF strategies, as in [12], where a
modified Sage-Husa estimator is applied to a PMSM. Despite
improvements in performance, Sage-Husa estimators require
careful tuning, notably the selection of a forgetting factor
b (ranging between 0 and 1) to define the amnestic factor
di which weights the innovation and past noise values. The
Sage-Husa adaptive Kalman filter and its variations achieve
high estimation accuracy, but at the cost of increased compu-
tational complexity. Moreover, as previously mentioned, these
algorithms require tuning factors.

Another pioneering alternative is the Ant Colony Opti-
mization algorithm [13], which draws inspiration from the
collective behavior of real ants, using volatile pheromone-
based communication observed in biological ant colonies to
tune the diagonal elements of the EKF covariance matrices.
The four relevant parameters of Q and R are represented
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by six digits, each transformed into nodes that the ants tra-
verse, establishing a return path to a virtual nest. Although the
method is an intriguing attempt, the tuning process involves
thousands of starts and stops in the speed loop, and its practi-
cal feasibility remains unproven.

The adaptive fading EKF described in [14], [15] employs an
optimal adaptive fading factor A > 1 to blow up the a-priori
covariance estimation in case of increasing squared innova-
tion, accelerating the estimation convergence by attempting
to track this change. Even though the approach indirectly (if
A > 1) achieves the goal of enforcing a positive semi-definite
covariance prediction, the filter may tend to be unstable. It
furthermore requires manual tuning effort for both Q and
R. The innovation-based adaptive EKF reported in the same
paper [15] is based on a steady-state approximation of the
a-priori covariance, assuming that Q can be recovered from
the last W samples of the innovation (W being the window
length for the empirical covariance measurement). Obviously,
the window size must be selected large enough such that it
contains enough samples to accurately compute the empir-
ical covariance, and small enough to remain responsive to
changes in the process noise (avoiding the dropping off phe-
nomenon [16]). If the contained information is insufficient,
this direct approach can result in negative definite covariance
estimates, potentially leading to observer divergence.

In the field of AC motor drives, significant contribu-
tions have recently been made using evolutionary algorithms,
particularly for induction motors. Several studies propose
updating the matrices Q and R based on motor operating
conditions rather than using fixed values [18], [19]. However,
evolutionary algorithms also require adjustment factors. They
all share common drawbacks: high computational load, mak-
ing them impractical when strong magnetic nonlinearity (as
in the case of SynRM) demands very short control cycles,
and a risk of suboptimal solutions that may not guarantee
satisfactory performance.

Taking a step further, in [17] an extensive dataset obtained
from a sensored drive was utilized to optimize the tuning of
EKF matrices through a genetic algorithm. While the con-
cept is intriguing, as it integrates early artificial intelligence
principles into EKF tuning, it remains an offline method, with
practical drawbacks such as the initial requirement for a sen-
sored drive.

In [9], the authors highlight how, under changing operating
conditions, the performance of the EKF deteriorates with fixed
Q and R matrices. They propose a rather complex real-time
procedure in which residual sequences are enforced to be
orthogonal to each other, while simultaneously introducing a
fading factor into the covariance matrix  to adapt the Kalman
gain matrix.

A more conventional alternative, which is notable for being
effective and operational, is proposed in [20]. The paper first
emphasizes the importance of the relationship between Q and
R over their individual values in calculating the Kalman gain
during the algorithm innovation step. Subsequently, an auto-
matic tuning procedure for the EKF is outlined. Despite the
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inclusion of experimental results, it is important to note that
the study is confined to a PMSM with constant and perfectly
known parameters.

Automating the tuning procedure is essential for expanding
the application of the EKF in AC drives. To this goal, the paper
at hand presents a primary—secondary(PS) structure [21] as
a novel tuning paradigm and applies it to SynRM drives.
The concept of the PS algorithm was initially introduced as
an extension of the Unscented Kalman Filter (UKF) [22].
Subsequently, the same research group introduced a simpli-
fied version of the algorithm, using a linear Kalman Filter
(KF) as a secondary filter, as in [23], [24], [25]. In [21], a
work by the research group that introduced the Primary Sec-
ondary concept in the context of Kalman filters, the authors
improve the manual tuning process significantly, obtaining an
optimally designed adaptive filter. Actually, this good result
comes from numerically solving an optimization problem, in
which gathering several simulation data is the first offline
step. Theoretically, even if matrices Q and R can be adapted
simultaneously, the resulting filter would not be robust, since
it is hard to distinguish between errors in both matrices. Thus,
in [21] only the R-matrix is updated based on that data, while
the Q-matrix is assumed to be known.

Both the adaptive fading EKF and the innovation-based
adaptive EKF, as described in [15], along with our proposed
PSKFapproach, incorporate some form of empirical feedback
based on the past W samples of innovation and covariance.
However, in the case of the PSKEF, this feedback is treated as a
stochastic variable rather than being deterministically trusted
and directly used for the covariance update. This approach
results in a more robust overall control system.

B. CONTRIBUTION AND STRUCTURE OF THE PAPER
This paper bridges the principle of PS structure, so far
confined to aircraft engineering [22], [23], [24], [25], to a
high-dynamic, highly nonlinear SynRM drive. It is worth to
note that bridging theory to practice is not simply a matter
of transposing algorithms; in many cases, the same theory,
when applied to different systems, can yield significantly dif-
ferent outcomes. The application context is also crucial when
choosing the most appropriate KF structure. In this work, we
employ the Extended Kalman Filter (EKF), which we found
to be particularly suitable for electric drive applications [26],
over all the different KFs adopted in the cited references.

The PS structure proposed in this paper consists of
a primaryEKF whose four-dimensional state vector is
composed of the SynRM currents, speed, and position, and a
innovation-based secondaryKF whose four-dimensional state
vector consists of the elements of the covariance matrix Qy, of
the primaryEKEF. In turn, the secondaryKF uses the innovation
of the EKF to drive the convergence of its own state estimate.

The proposed PS approach enables the online determina-
tion and continuous tracking of the noise covariance matrix
Q, in the EKF. A key advantage of this method is that the
tuning effort is shifted from Q, to the covariance matrix Qs of
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the secondaryKF, which experiments demonstrated to be a far
less critical task: As demonstrated by the experimental results
presented in this paper, tuning Q requires considerably less
effort than direct tuning of Qp. The primaryEKF and the sec-
ondaryKF operate simultaneously, with Q, being computed
and updated online in accordance with the actual operating
conditions of the drive. It is important to note that the pro-
posed method does not significantly enhance estimation accu-
racy; rather, it achieves the same high-quality results that pre-
viously required tedious and time-consuming manual tuning
of Qp.

A distinction is also made between conventional exper-
imental results and what are defined as real experimental
results in this study. While other works typically either tune
the EKF using real data or execute the EKF in parallel with
a control system closed on measured variables, the present
approach takes a further step by incorporating the estimated
state variables of the EKF directly into the feedback loops of
current and speed control in the motor control system. This
real-time interaction between the EKF, the control system,
and the actual motor within a live setup ensures a direct and
practical validation of the proposed algorithm.

The paper is structured as follows. Section II recalls the
mathematical model of the SynRM, while Section III provides
the foundations of both the primaryEKF and secondaryKF
algorithms. Section IV depicts the experimental setup and
provides insight into the implementation of the proposed
technique. This is followed by a detailed and comprehen-
sive discussion of the tuning of the proposed PSKFand a
performance comparison with a manually tuned EKF. Some
conclusive remarks are drawn in Section V.

Il. THE SYNRM MODEL EQUATIONS
For any given working point, the stator voltage balance equa-
tions of a SynRM can be expressed in a synchronous reference
frame as

- di
ugq = Ryigq + LET d—‘:" + 0T )
where ugq = [ug, uql", igq = [ig, iq]T are the SynRM stator
voltages and current vectors, respectively. While R; is the
stator resistance, the differential inductance matrix and the
operational matrix J are defined as

Ay Iy .
L::iffz[gf gr]x['ﬁﬁ“‘* ar. 9=[ o] @
1 *
q .3.‘}1 R;i 0 Lq 1 0

where LG is calculated as the Jacobian of the flux linkages
Agq With respect to the currents igq.

The off-diagonal terms of Lg;ﬁ refer to cross-coupling
effects. In principle, excluding information about cross-
coupling could deteriorate the accuracy of the estimation.
In [27] the Authors compute the error introduced by neglect-
ing the mutual inductance, that applied to our case results in
an angle estimation error of a few degrees. Unfortunately, this
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FIGURE 1. Flux linkages 14q, apparent inductances L3", and differential
inductances I.ﬂ;'" of the SynRM used in the experiments (Table 1).

issue cannot be resolved simply by including mutual induc-
tance in the model. In our case, the cross-coupling inductance
is highly noisy, and both experimental and simulation results
confirm that its inclusion increases estimation noise without
providing any significant improvement. Therefore, although
the data were available, they were not considered in this
work. Anyway, for general purpose applications, especially
if overload operation is required, the noise introduced by the
adoption of Lyq can be reduced by smoothing the differential
inductance tables to obtain more precise data and the mutual
coupling can be included.

The stator flux linkage vector is Adq = [Ad, Aq]" = Lgﬂpidq,
where L:flp = diag(L;™, L") represents the so-called appar-
ent inductance diagonal matrix. The elements of this matrix
are simply the ratio of each flux linkage to the respective
current. The electrical speed, denoted by @, is equal to the
pole pairs p times the rotor mechanical speed wp,.

The magnetic model depicted in Fig. 1 has been derived
through the elaboration of a series of measurements, as
described in [28]. This model is crucial for the correct func-
tioning of the observer, as detailed in Section I'V. Nonetheless,
while the model is important for the overall estimation per-
formance, the consequences of limited position errors in
inductance retrieval from the LUTs are negligible.

The literature does not provide a clear indication regarding
the optimal reference frame for KF implementation. Model
equations in a synchronous coordinate system are simpler.
However, it should be noted that a coordinate transformation
into the synchronous reference frame requires the electrical
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position of the SynRM, ##,, which, in a sensorless drive, is
one of the states to be estimated. Consequently, the EKF al-
gorithm is developed in the stationary Clarke reference frame
(e, B) as a more straightforward approach, as it includes the
interdependence (coupling of the state variable’s dynamics) of
the currents with the angle within the Kalman filter algorithm,
instead outside the algorithm.

To this aim, the model (1) is rewritten through the inverse
Park transform as
digp

dt

Solving for the stator current dynamics, (3) yields

Ugp = Riigp + A + we (B+ C)igp 3)

digp .
dt

where A, B and C are defined as

A7 [tap — Riap — we B+ C)iag] (4

[ L3 L4 cos(29,) L9 §in(29,)
A= diff _; diff _ pdiff (&)
L " sin(29¢) Ly, L " cos(2v:)
B —L9% 5in(29,) LET 4 19 cos(20,) ©
— L4 4 4 cos(20,) L9 sin(249,)
c_ —Ly" sin(20.) —LF + LY* cos(20;) o
LPP + L¥P cos(20.) L¥P sin(29.)

and Ly, = (Ly +L3)/2, L} = (Lj — Ly)/2, (* = app, diff).

As for the mechanical model of the motor, an infinite inertia
hypothesis is adopted, wherein the speed variation within the
control cycle T is assumed to be negligible [29], [30]. This
assumption leads to a mechanical model

did.
= (), s
dt N

dewe
dt

—0. ®)

I1l. PRIMARY-SECONDARYKALMAN FILTER

The flow chart of the proposed Primary-SecondaryKF algo-
rithm is depicted in Fig. 2. In terms of notation, superscripts =
denote the quantity either corrected (1) or predicted (™) at the
considered step. For example, X~ (k) represents the predicted
estimate of the state in step k. The subscripts p and s refer to
the EKF and the secondaryKF, respectively.

The task of the primaryEKF is to provide the electrical posi-
tion i, for the sensorless control of SynRM. The secondaryKF
is responsible for supplying the diagonal elements of the Qp
matrix to the primaryEKF.

A. PRIMARYEKF
Assuming that the system behaves like an explicit discretiza-
tion of the electrical (4) and mechanical (8) models, i.e.

xp(k) = f(xp(k — 1), up(k — 1), wp(k — 1))
¥p(k) = h(xp(k), u(k), vp(k)) ()]
with states xp, = [ig, ig, @, 193]T, stator input voltages up =

[tg, ug]T, measured outputs y, = [ig, i ﬁ]T, process noise wp,
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k=0
Primary KF
prediction update
Egs. (11 —13)
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1
"

Secondary KF
prediction update
Egs. (28 — 30)
T
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Primary KF
measurement update
Egs. (15 — 17)
T

.l
Secondary KF
measurement update

Egs. (31 — 33)

~

v

FIGURE 2. Flow chart of the proposed Primary-SecondaryKF algorithm.

measurement noise vp, and considering the usual Kalman Fil-
ter assumptions of zero-mean Gaussian noise and uncertainty,
and furthermore assuming that a sufficiently accurate model
of the dynamics is available (f ~ f), we can obtain the a-priori
predictions for states and outputs of the primaryEKF as

& (k) = t“"(i;f(k — 1), up(k — 1),0)
§p(k) = AR, (k), up(k), 0) (10)

Apart from the adapted matrix Qp(k), the primaryEKF is a
conventional EKF, described by the following steps:
® Time Update

&5 (k) = F&F (k — 1), up(k — 1), 0) (11)
Qp(k) = diag (X (k — 1)) (12)
P (k) = J,(bPF(k — DI,(0)T +Qpk)  (13)

It should be noted that (12) is the noise covariance matrix
of the EKF process, whose diagonal elements are the
previous estimate of the secondaryKF. In (13), J, is the
discrete-time state Jacobian matrix, evaluated in the last
step’s corrected estimates and defined as

a%; (k)

1= s —r

(14)

® Measurement Update

K, (k) = Py (k)Hy (k)" (Hp(k)Pp_(k)Hp(k)T
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+ R, (15)
X5 (k) = &, (k) + Kp(k) (yp(k) — §p(k))  (16)
Pl (k) = (Tnxn — Kp(k)Hp(k)) Py (k) (17)

where n = 4 is the size of the state vector, §,(k) are the
predicted outputs, depending on X (k), R;, relates to the
variance of the measurement noise, and Hy, is the output
Jacobian matrix, evaluated in the predicted estimates and
defined as

(18)

B. SECONDARYKF
Under the assumption that the process and measurement noise
are Gaussian white, the matrices Q and R are diagonal [22],
[31], therefore the estimation of the noise covariances means
estimating the diagonal elements of the matrices. Given that
measurement noise knowledge is given by the accuracy of cur-
rent sensors, the focus is placed on process noise estimation.
Therefore, the state vector of the secondaryfilter coincides
with the diagonal elements of the Q-matrix of the primary
EKF, that is, X, = diag{Q,} = [q11.p. §22.,p: 933.ps Gaapl’.
Because of uncertainty in the process noise dynamics, the
discrete-time prediction step of the secondaryKF is given by

Gii,p(k) = giip(k — 1)

When it comes to the the secondarymeasurement update,
the algorithm is based on processing the primaryinnovation
vp(k) = yp(k) — §p(k) and its covariance P}, in particular
the secondaryfilter aims to match the primaryerror covariance
matrix P}’ with empirical one P}

i=1,2,3,4 (19)

k

ﬁgyz%z

j=k—W 1

(7)) = 3p(K)) (vp(j) — p()) " (20)

where W is the window length, v,( ) is the innovation at time
J»and (k) is the average innovation over the whole window.
With these premises, the secondaryinnovation v is defined
as vy = diag(P}") — diag(P}). Therefore, the measurement
(in the terminology of KF methods) supplied to the secondary-
filter consists of the diagonal elements of the empirical f’gy ,
while the estimated output is the diagonal of the primaryfil-
ter’s internally-computed P}’ .
The secondaryKF output model is obtained by considering
the standard KF error covariance matrix update equation [23]
Py (k) = Py (k) — Kp()PP (Kp (k) (21)
Now from (21) we can extract Py (k) and consider just its
diagonal elements

diag (P} ()} = diag {KE ()P, (6) — P (k)KE DT
(22)
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in which Kﬁ represents the Moore-Penrose inverse of the
primaryKalman gain K. The predicted outputs of the sec-
ondarysystem result as

§s(k) = diag {P} (k)} =
_ diag [Kﬁ(k)(p;(k) _ p;(k))Kﬁ(k)T} (23)

The matrix P (k) can be expressed through (13) and inserted
into the previous (23), to obtain

§:(k) = diag [ KE(O) (J (0P (k = DI,(0)T + Qp(k)

P (k) Ki o)

— diag {Kﬁ(k)Qp(k)Kﬁ(k)T] 1
+diag { KA (k) (Jp()Py (k = DI (k)T
Py (k) Kp ()"}

= (ko) o Kh(k)) diag {Qp(h)} +
+ diag [ KA (k) (Jp()P (k = DI (k)T
P (k) Ki o)

= Hy(k)X; (k) + us(k) 24

where the states X (k) and outputs §s(k) together form the
state space model for estimating the Q-matrix and H(k) is
the output Jacobian matrix. They are defined as follows:

£, (k) = diag {Qp(k)} (25)

Hy(k) = K} (k) o K3 (k) (26)

ug(k) = diag {KE(6) (Jp 0P (k — DIp(0)T
—P;(k)) Kﬁ(k)T] @7

in which the symbol o denotes element-wise multiplication.
After having considered the state and the output models, the
secondaryKF structure is condensed in the following struc-
ture:
® Time Update

R =%Fk—1) (28)
P; (k) =Pk — 1)+ Qu(k) 29)
§(k) = Ho(OR (k) + uy(k) (30)

where Hg(k) and ug(k) are defined in (26) and (27),
respectively.
® Measurement Update

K (k) = Py (k)Hs(k)" (Hs (k)P (k)H (k)"

+ Ry(k)™! 31)
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RF (k) = &5 (k) + Ky (k) (ys(k) — §5(k))
PH(k) = (Inxn — Ks(k)H(k)) P (k)

where I is the identity matrix and ys corresponds to the
diagonal of the empirical innovation covariance defined
in (20), whereas ¥5(k) is defined in (24).

(32)
(33)

C. FILTER CONVERGENCE CONDITIONS
With regards to the convergence of the proposed method, the
following considerations are almost the same as the usually
made for the standard EKF [15], since the primaryKF is a
normal EKF with variable Qp(k) and constant Ry, while the
secondaryKF is a conventional linear KF with fixed noise
covariances. For this reason, only the convergence of the pri-
maryEKF will be discussed. The convergence of the primary
is guaranteed if the following assumptions hold [32], [33]:
® Assumption 1
1) The covariance matrices Qp(k) and R, are bounded
guaranteeing that Qp(k) is always positive semi-
definite, whereas R, is positive definite. There exist

real numbers qg‘i“, 45", r;“i“ and g™ such that
" axa < Qp(k) < GTLaxs  (34)
MMy < Ry < 1™y (35)

for each time step k > 0. This condition is satisfied
since R, is fixed and its diagonal is composed of
positive real numbers, whereas the diagonal of Qp(k),
whose elements are the secondaryKF estimates, is
bounded in implementation between zero and posi-
tive real numbers.

2) The matrices Jp, and Hy, equations (14) and (18)
respectively, satisfy the uniform observability condi-
tion [29], [30].

3) The initial covariance P;r (0) is positive definite.

® Assumption 2

1) There are positive real numbers J[‘J“a", H};“a", p{,"i“
and pp'™* such that the following inequalities hold for
each time step k = 0.

13Ol < T (36)
Hp(k)|| < HP™ (37)
P < Pp(k) < pp™Laa (38)

2) Jp. (14) is non-singular for each time k > 0.

IV. EXPERIMENTAL RESULTS

A. TEST BENCH AND CONTROL DESIGN

The experiments were carried out using a test bench compris-
ing a SynRM, the nameplate data of which are detailed in
Table 1, and a PMSM mechanically connected to the SynRM,
serving as a virtual load. Both motors were fed by Space
Voltage Modulation (SVM) inverters, sharing a 400 V DC-
Link, with a switching frequency of 8 kHz. Drive control was
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TABLE 1. System and SynRM Parameters

Parameters Symbol  Unit Value
Nominal torque Tn Nm 3.5
Nominal current Iy A 3
Nominal speed Wn min~! 1200
Stator resistance Ry Q 4.72
unsat. d-axis inductance Ly mH 380
unsat. g-axis inductance = Lgq mH 85
pole pairs p \ 2
Voltage Source Inverter, 2-levels IGBT
DC voltage Ubys A% 400
Dead-time tq us 2
Switching frequency fs kHz 8

dSPACE MicroLabBox
fe kHz 8

Control Platform
Control frequency

FIGURE 4. The proposed PSKF-based sensorless control of the SynRM.

implemented through a MicroLabBox dSpace Fast Control
Prototype (FCP) system. The test bench is shown in Fig. 3.

The current control consists of two gain-scheduling PI con-
trollers, whose implementation details are described in [34].
The PI gains were tuned to achieve a constant 150 Hz band-
width with 70 deg phase margin. This eases the design of the
outer speed control loop, which consists of a conventional
PI controller, with antiwind-up and fixed bandwidth of 5 Hz.
The current and speed control block diagram is reported in
Fig. 4. All experiments were performed using the quantities
estimated by the PSKFas feedback.

The speed is an estimated state variable and, in principle,
could directly serve as speed feedback. However, the infinite
inertia hypothesis in the motor model introduces dynamic
estimation noise to the speed variable. While this noise does
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not compromise the accuracy of the EKF estimates, it is exces-
sive for feedback control purposes, as it would lead to noise
amplification in high-gain feedback scenarios. To mitigate
this issue, a Phase-Locked Loop (PLL) filter is employed to
recover the speed &, from the estimated position 1%. The PLL
is tuned with a characteristic frequency of wy = 27 - 50Hz
and a damping factor of D = 1. This filter provides smoother
feedback and although it does not enhance dynamic perfor-
mance, significantly improves speed tracking in steady-state
conditions, as confirmed by experimental tests.

An approximate maximum torque per ampere (MTPA)
strategy was implemented by dividing the output of the speed
Proportional-Integral (PI,,) controller into equal current ref-
erences, denoted ij and ig, which corresponds to setting the
current vector phase SimA to 45 deg.

The magnetic model of SynRM, as utilized in the EKF
model (4) and (5), is depicted in Fig. 1. Each lookup-table
(LUT) consists of 19 x 19 = 361 values. Each value is a dou-
ble precision variable, that requires 64 b = 8 B. Therefore the
occupied memory is 361 x 4 x 8 = 11.28 kB.

During the experiments, it has been found that the sen-
sorless algorithm is improved by supplying the SynRM with
a minimum d-axis current even with no load. A minimum
d-axis current of I&ni“ = I3 was established.

B. TUNING OF THE PROPOSED PSKF

The experiments involve a performance comparison between
a manually tuned EKF and the proposed PSKF. In the first
case, the trial-and-error approach yielded the values QFKF =
diag(0.01, 0.01, 20, 0.001) and REKF = diag(0.001, 0.001),
which remained constant thereafter. It should be noted that
the measurement noise matrix R refers only to the noise
introduced by the current sensors, since the output function
h(xp(k), u(k), vp(k)) in (9) is linear.

Regarding the PSKF, the primaryfilter Q matrix was tuned
and updated online by the secondaryKF, while the R matrix
was obtained from the noise expected from the current sen-
sors, following the same procedure as done for the EKF.

For the secondaryKF, the initial value of the state %;(0)
was arbitrarily set to x;(0) =[1,1, 1, 11T, and consequently
Q, was initialized to the identity matrix. The covariance
matrices were configured as R; = r-diag(l,1) and Q; =
q - diag(1, 1, 1, 1), respectively. The ratio q/r impacts the es-
timation performed by the secondaryKF and, in a cascade,
influences the primaryEKF matrix Qp. Our study found that
a higher ratio leads to quicker (but noisier) convergence of the
secondaryKF. In our simulations, a ratio value of g/r = 100
provided a satisfactory trade-off. The experiments confirmed
this observation, but also highlighted that the value is not
critical and can be varied quite broadly without negative con-
sequences.

When dealing with unmodeled disturbances, such as dead
times, highly nonlinear systems, or even when faced with
substantial nonzero mean measurement noise, the predicted
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FIGURE 5. Minimum Speed at Rated Torque (MSRT) test for conventional EKF (upper row) and PSKF(lower row). From left to right: mechanical speed wm,
currents on the d-axis iy and the g-axis iq, electrical position error A#.. All values refer to their respective nominal values as listed in Table 1.

change in covariance, P~ — P;f, may lose its positive definite-
ness. This is not allowable for a valid covariance matrix, as it
would imply that it does not decrease in the correction step,
leading to a potential divergence in the estimation process.
To ensure a consistent estimation of the covariance matrix
for the primaryEKF, we enforced the state estimate ;" of the
secondaryKF to always remain positive.

Preliminary simulation tests, later validated by experi-
ments, revealed that the Q, weight of the speed state variable,
denoted as ¢33 p,, should have a lower bound greater than 0.
Otherwise, in a steady state condition, the speed estimate w,
enters an idle state where it becomes unresponsive to varia-
tions in speed reference or load torque, which is also called
dropping off phenomenon [16]. As a result, the estimation
error increases progressively until the secondaryKF adjusts
the weight ¢33 p. To avoid this situation, a minimum weight
was established at ¢33 , > 5 during the experimental phase. To
summarize, we enforced a lower bound for the secondarystate
as follows:

Qp > diag(0,0,5,0) (39)

One last aspect deserves attention: the length of the window
W in (20) determines the number of innovation samples used
by the secondaryfilter to update the primaryprocess noise
weights.

In [15], a window length of 16 samples was selected as a
trade-off between estimation performance and computational
burden. The choice of window size heavily depends on the
specific application, particularly the speed and load torque
references to which it will be subjected. In the present case,
with a speed loop bandwidth of 5 Hz and a maximum speed
reference slope of 4800 rpm s~!, a window of W = 10 was
found to be the best choice. Selecting a small window size
was necessary to manage the sharp and dynamic speed and
load torque profiles used in the tests presented in Figs. 5 and
7. By adopting such window size, rapid and notable g,
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FIGURE 6. Diagonal elements of Qp in the MSRT test, depicted in Fig. 5.

variations are likely to occur. Further reducing the window
size is not advisable, since it increases the risk of unstable
filter behavior. On the other hand, using larger window sizes,
such as W = 128 as suggested by [15], makes the PSKFless
sensitive to disturbances but hampers its ability to adapt to
process noise variances during transients.

C. PERFORMANCE COMPARISON

A comprehensive measurement campaign was conducted
with the objective of comparing the manually tuned EKF with
the proposed PSKFtopology, which incorporates self-adapted
online tuning. The results of the experiments presented in
this section are summarized in Table 2. Throughout each
test (detailed in the following subsections), the quantities
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FIGURE 7. Four-Quadrant Operation (FQO) test for conventional EKF (upper row) and PSKF(lower row). From left to right: mechanical speed wy,, currents
on the d-axis iy and the g-axis iq, electrical position error A#,. All values refer to their respective nominal values as listed in Table 1.

TABLE 2. Mean Squared Error (MSE)

Variable Symbol Unit Test EKF PSKF  Fig.
_ MSRT 386 1007 5
Mechanical 2
d W rpm FQO 160.5 172.2 7
Spee SSS 2687 659 9
. MSRT 4783 2583 5
d-axis ) 2
ia mA FQO 4471 2754 7
current
SSS 3799 3058 \
. MSRT 6652 2447 5
g-axis . 2
iq mA FQO 9208 3108 7
current
SSS 14680 21955  \
MSRT  4.63 2.37 5
Electrical
ec‘r_'c e deg? FQO 2238  4.62 7
position
SSS 3524 5756 9

estimated by the EKF and, after coordinate transformation, by
the PSKF, namely & = [on, i, ig, U], were collected at the
control frequency (Table 1), along with the measured values
(note that the measurements were available in the prototype
only for comparison purposes). For each state variable £
of the state vector X, the Mean Squared Error (MSE) was
computed as follows:

N
MSE, = Z (& —xmm (40)

where N is the total number of collected states during the test.

1) THE MINIMUM SPEED AT RATED TORQUE (MSRT) TEST

The test starts by setting a positive speed reference at no load.
Before initiating the transient load torque at f = 0.5s, the
SynRM accelerates from 0.5 p.u. to 1 p.u., still under no load
conditions. Subsequently, the load torque is increased to its
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nominal value, after which the reference speed is reduced to
5% of the rated speed. This minimum threshold was deter-
mined through repeated tests until uncontrollable oscillations
occurred at low speed. In many application fields, such as
electrical pumps, a 1:20 full-load speed range is acceptable.
It is worth noting that the inability to operate below a certain
minimum speed is a common drawback of all EKF-based
observers, regardless of how well-tuned they may be. The
condition for observability at zero speed has been derived,
for the linear magnetic model case, in [30] and [29]. In both
cases, the observability at zero speed is guaranteed if the
derivatives of the currents are different than zero, highlighting
the need for either simple open-loop I-f techniques or some
kind of high-frequency current injection [35], [36].

The results are presented in Fig. 5. In the leftmost figure,
the black line represents the speed reference provided to the
SynRM, while the red line depicts the torque reference ap-
plied to the PMSM, which serves as a virtual load. The blue
trace corresponds to the estimated speed, denoted as &y, and
obtained from the PLL block in Fig. 4.

Continuing from left to right, the other figures show the
estimated current on the d-axis fd, the estimated current on the
g-axis i, and the electrical position error Ad = J, — Pmeas
during the speed and torque transients.

At full load and stable minimum speed, both the EKF and
the PSKFexhibit oscillations in the position estimate. The
position error remains limited to between [0 — 3°] for the
proposed PSKFand between [0 —5°] for the conventional
EKF. However, both filters remain indefinitely convergent,
even after the time period shown in Fig. 5(a).

The estimated diagonal elements of QP are depicted in
Fig. 6. The diagonal elements of Qp are updated online by the
secondaryKF, which adapts the primaryfilter to the varying
conditions of the SynRM.

Referring to Table 2, it is evident that the MSE speed is
lower in the EKF than in the PSKF. However, PSKFprovides
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FIGURE 8. Diagonal elements of Qp in the FQO test, depicted in Fig. 7.

more accurate results for both currents and the electrical
position.

2) THE FOUR-QUADRANT OPERATION (FQO) TEST

The test begins with a positive nominal speed reference and
a rated load torque, T . While maintaining the same torque, a
speed reversal is initiated at t = 0.5 s, transitioning from the
first quadrant (labeled as 1Q) to the second quadrant (2Q),
as shown in Fig. 7. At f = 1.5s, a load torque reversal is
triggered, moving from 1, p.u. to —1, p.u.. Finally, atf = 3s,
a second speed reversal is imposed to exit the third quadrant
(3Q) and enter the fourth quadrant (4Q).

It should be noted that the electrical position estimation
error tends to increase during speed zero crossings, a well-
known limitation in sensorless techniques that do not utilize
injected signals for estimation [29], [30]. However, when
comparing Fig. 7(a) and (b), it becomes evident that the PSK-
Fexhibits a lower A, than the EKF

The manually tuned EKF provides a slightly better speed
MSE compared to the PSKF, with a difference of only
12rpm?. Again, the PSKFoutperforms the EKF in the other
state variables (the MSE is half for i;), one third for i, and
just one fifth for ,). The estimated diagonal elements of Qp
are depicted in Fig. 8.

The slight improvements shown in Fig. 5 and in Fig. 7 can
be attributed to the adaptive nature of the proposed tuning
procedure, which accommodates varying environmental
conditions.

3) THE STEP STARTING FROM STANDSTILL (SSS) TEST

The test evaluates the drive performance when the motor starts
from a complete standstill and a sudden change in speed
reference is applied. In particular, at t = 0.5, a speed step
is executed up to half the nominal speed. The state of the
proposed PSKFis initialized randomly.
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FIGURE 9. Step Starting from Standstill (SSS) test: mechanical speed (left)
and electrical position error (right). All values are referenced to their
respective nominal values as listed in Table 1.

The test shows that both EKF and PSKFare capable of
initiating motion from a standstill condition. In terms of speed,
as shown in Fig. 9, they exhibit nearly identical responses.
Note that the EKF is already tuned, while the PSKFrelies just
on the self-tuning at standstill and no load.

Regarding the electrical position error A, displayed in
Fig. 9, prior to the step command, the EKF position %, appears
stable, with an error of approximately 10 deg. In contrast,
the position error derived from the PSKFappears less stable,
oscillating between —7 deg and —20 deg. However, follow-
ing the speed step, the position error for the EKF stabilizes
around —3 deg, while the PSKFsolution settles approximately
at 0.4 deg.

In contrast to previous tests, the EKF exhibits an MSE
higher than that of the PSKFfor the speed variable, while it
performs better than that of the PSKFwhen considering igq
and .. To understand this behavior, it is important to note
that the MSE calculations are performed over the entire test
time. As shown in Fig. 9, before the initiation of the speed
step, AOPSKF is greater than in the case of the EKF, and
this behavior significantly influences the MSE calculation.
Between t = 1.2 and t = 1.5, the MSE related to electrical
position drops to 8.92 deg? for the EKF and to 0.27 deg”
for the PSKFE.

4) SENSITIVITY TO PARAMETER MISMATCH

The measurement noise is associated with the sensors used
for current measurements, which are assumed to be known.
The adaptation proposed in the paper focuses solely on the Qp
matrix, that is, on the stochastic properties of process noise.
The effect of process noise variation was investigated by
modifying the parameters, namely resistance and flux linkage
mismatches. The resistance mismatch is attributed to temper-
ature variations, which result in an increase in the actual stator
resistance compared to the value used in the model (4). Six ex-
periments are carried out under steady-state conditions, with
a speed reference of 0.1, p.u. and rated load torque, each with
a progressively increasing resistance mismatch, by modifying
the resistance value in the model used by the observer, and
not by physically changing the motor. The results, including
the mean electrical position error and MSE, are presented in
Table 3. The resistance mismatch is expressed as the ratio
R§F;‘Rs, where R§F explicitly represents the value used in
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TABLE 3. Resistance Mismatch Test

RXF/R, Mean (Ad) Unit MSE (3¢) Unit
EKF PSKF EKF PSKF
1 —1.24 245 3.68 7.72
0.9 1.2 —2.69 4.8 9.17
0.8 441 —298 deg 2059 11.73  deg?
0.7 6.22 —2.68 39.65 13.06
0.6 8.21 —3.64 68.46  17.69
0.5 9.85 -3.72 08.97 20.16
—— AQESKF — AgEKF
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FIGURE 10. Electrical position error, performance in case of constant
inductance model (conventional EKF vs. proposed PSKF).

the filter model, while R corresponds to the nominal value
documented in Table 1.

When the resistance mismatch is within the range of R§F =
0.9R;, the EKF provides more accurate results. However, as
the mismatch increases, the PSKFoffers a more precise esti-
mation in terms of position error. It should be noted that the
mean of A, is deeply affected by the resistor value used in
the filter. However, the mean value of the PSKFcase remains
almost constant throughout the range of resistance values,
resulting in less dependence on the estimation of the resistance
mismatch. The mean value shown in Table 3 was calculated by
averaging the electrical position error over 1600 samples.

A second set of experiments was conducted to evaluate
the robustness against potential discrepancies in the magnetic
model used in the Kalman filter equations (5). The test in-
volved replacing the magnetic maps shown in Fig. 1 with
constant unsaturated inductance values listed in Tablel (re-
ferred to as linear model). The speed was maintained at a
constant value of 0.5 p.u., while a ramp up of the load torque
to the full load torque was applied, as illustrated in Fig. 10.
Before the onset of the load torque, the electrical position
error was approximately 17 deg for the EKF and 13 deg for
the PSKF, with less oscillation. Both the EKF and the PSKE-
proved unable to cope with the substantial magnetic mismatch
at full load due to motor saturation. The PSKFexhibited a de-
layed decline, which offered limited improvement. However,
setting the load torque ramp to 95% of the full load, both filters
passed the test.

5) EXECUTION TIME
As one would expect, the computational load of the PSK-
Fis heavier than that of the conventional EKF, as it involves
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TABLE 4. Execution Times of the Control Algorithm Elements

Routine Magnetic Model  Execution Time
Control cycle \ 125 ps
Speed & Current Control A\ 22ps
. Linear 14.7ps
Conventional EKF )
Nonlinear 15.6 us
Linear 16.6 ps
Proposed PSKF .
Nonlinear 17.5us

two simultaneously operating Kalman Filters. In the experi-
ments, we used an integrated test bench for fast prototyping,
which primarily consists of a dSpace control board and a
PC-based Matlab-Simulink environment. Once the system
is programmed in this environment, a real-time interface
compiles the code and uploads it to the dSpace board. The
compilation utilizes linear algebra libraries designed for real-
time embedded systems, exploiting properties like sparsity to
accelerate matrix computations. Additionally, floating-point
acceleration units help offload tasks from the processor.

Table 4 reports the execution time. It is worth to note that
the secondaryKF adds only 1.9 ps to the execution time with
respect to the EKF, which in percentage corresponds to just a
12% increment. This amount of time seems reasonable con-
sidering the low complexity of the secondaryKF. It consists of
a linear KF, and the time update (28) is absent. The remaining
time is due to the computation of the Kalman gain and the
empirical innovation covariance matrix (20).

Considering that there are already examples of working
industrial products including EKF implementations, an addi-
tional 12% of calculations will not pose a difficult challenge
in actual microcontroller-based implementations of possible
final products powered by PSKF. Available low-cost micro-
controllers will be able to handle the optimized code in any
case, since it is possible to offload parallelizable code like
the secondaryKF structure or control algorithm calculations
to secondary processor cores.

It is worth noting that the use of magnetic maps in Fig. 1
through Look-Up Tables (LUTSs) requires an additional 0.9 ps
due to memory access and subsequent value interpolation.

V. CONCLUSION

The proposed PSKFalgorithm eliminates the conventional
trial-and-error manual tuning of the covariance matrix Q,
of the EKF. The responsibility for tuning the primaryEKF
is delegated to the secondaryKF, which in turn is easily and
efficiently tuned through the ratio g/r. Performance compar-
isons between manually tuned EKF and PSKFdemonstrate
that streamlining the tuning process does not compromise
the quality of the estimate. The 12% increase in processing
time is considered reasonable in exchange for avoiding the
laborious manual tuning of the primaryEKF. By eliminating
the tedious and complex trial-and-error tuning process, the
proposed algorithm represents a significant step toward more
autonomous electrical drives.
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APPENDIX A DISCRETE-TIME STATE JACOBIAN MATRIX
By considering the time update function f in (14) and deriving
it with respect to the state vector i';(k — 1), we obtain the

state Jacobian matrix

af(&+(k — 1), up(k — 1))
To(k) = — axd (k—1)T

il‘,"(ic—]), um(k—1)

Ju Ji2 Jiz Jia
Jor Jn Jaz I

= 1)

J31 Jnp Jiz Jn
Jy Jp Jaz Jy

where the elements J;; (for i, j = 1, ..., n) are grouped into
matrices for the sake of brevity. For instance, the matrix

Jm—n,r—s is composed as follows:

It oo I

Jm—n,r—s = v (42)

S R

where m — n indicates the indexes from m to n and similarly
for r — s. The sub-matrices of J,, in which T is the sampling

time, are:
Ji121-2 =12
— T, AN (k) [R, + @ (k) (B(k) + C(K))]
Ji23 = ~ LA Yk Bk) + C(k))igp(k)
—1
Jizs = T2 O gty — Reiap(h)

3(k)
— (k) (B(k) + C(k))iap(k)]

T A=\ (k ‘ aB(k) aC (k) \ . f

-7, ()we<)(a§8(k) Me(k)) iap (k)
Ji41-4 = [g g 11; ?]

in which

A V) =

1 LUF 19 cos(20.(k))  —L3fsin(20(k))

(44)

LTS | L3 sin(20, (k) L84 19 cos (20 (k))
and the derivatives result as
dA~ (k) 2L3T | sin(20.(k))  —cos (20.(k))

a0, (k)  LIFLIF | —cos (20,(k)) —sin (20.(k))

BBK) _ . giwr| —cos (20e(k))  —sin (20(K))
%e(k) D | —sin(20.(k))  cos (20.(k))
OCK) _ app [ —c0s (20e(K))  —sin (29 (k) @s)
%e(k) D | —sin(20.(k))  cos (29.(k))
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