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Self-sensing Control of the Externally-Excited Synchronous Machine
for Electric Vehicle Traction Application

Mohamad Koteich1, IEEE Member, Amir Messali2, Student Member, Simon Daurelle2, Student Member

Abstract—This paper studies the possibility of removing the
position sensor from electric vehicles (EVs) powertrains that
employ the externally-excited synchronous machine (EESM)
for traction. Three position estimation approaches are studied:
back-electromotive-force integration, state-observer and high-
frequency voltage injection approaches. Theoretical background
is presented, a comparative performance analysis is performed,
and experimental results on a 65-kW EESM drive test bench are
shown. Some requirements for EV powertrains are emphasized.

I. INTRODUCTION

The electric vehicle (EV) market is expected to grow
increasingly in the next decade. Most of nowadays EVs
use inset permanent-magnet synchronous machine (IPMSM)
drive for traction. The main challenge of the IPMSM in
the automotive industry is the dependence on the rare-earth
market. Several alternative solutions have been studied in
order to remove magnets from EV drives without increasing
their volume and their mass [1]. One potential alternative is
the externally-excited synchronous machine (EESM) which is
being successfully used in Renault Zoé, Fluence and Kangoo
EVs.

The present paper studies the possibility of removing the
position sensor from the EESM drive system, using self-
sensing control techniques [2], in order to reduce the cost and
increase both the reliability and the mechanical robustness of
the drive. Compared to the IPMSM, very few papers have
studied the self-sensing capabilities of the EESM [3]–[7],
especially that several designs of the latter have been proposed:
if the Zoé traction drive is taken as example, there exist at least
3 different EESM powertrains, the first two generations are
manufactured by Continental, and the latter ones are Renault
in-house manufactured machines.

This paper is aimed at presenting a primary study of the
feasibility of self-sensing control for EESM traction drives.
Three broad approaches for position estimation are tested
and compared: 1) back-electromotive force (EMF) integra-
tion approach [8], presented in Section III, 2) state-observer
approach [6], in Section IV, and 3) high-frequency (HF)
injection approach [9], in Section V. The performance of the
first approach are presented for medium and high speed. The
limitations of the second approach are analyzed. The third
approach has two major advantages over the first two ones: 1)
it works stably at low speed and standstill and 2) it does not
require the knowledge of any machine parameter.

Experimental tests have been performed on a 4-poles, 65-
kW EESM, the results are presented in Section VI.
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II. EESM MATHEMATICAL MODEL

The schematic representation of the EESM is shown on
Fig. 1: a three-phase stator, with an externally DC-excited
winding in the rotor [6].

A. Notations
The complex space vector notation is used to model the

revolving electromagnetic stator quantities [10]. Let xrs be a
stator quantity in the rotor reference frame, it can be expressed
as

xrs = xsse
−jθ

or equivalently

xsd + jxsq = (xsα + jxsβ)(cos θ − j sin θ)

Subscripts s and f stand for stator and rotor (field) quantities
respectively, whereas superscripts s and r tell whether the
quantity is expressed in the stator (αβ) or the rotor (dq)
reference frame. θ is the angle between the stator and the
rotor reference frames. The fluxes, currents, voltages and
back EMFs are denoted by ψ, i, v and e, respectively. The
inductance and the resistance of a given circuit are denoted by
L and R respectively, and M denotes the mutual inductance
between the stator and rotor circuits.

B. Stator equations
The stator voltage equation in the stator coordinates can

be written as:

vss = Rsi
s
s +

dψs
s

dt
(1)

In the rotor reference frame, the previous equation becomes:

vrs = Rsi
r
s +

dψr
s

dt
+ jωψr

s
(2)

Neglecting the cross-saturation inductances, the stator flux can
be expressed in the rotor coordinates as:

ψr
s

=
Ld + Lq

2
irs +

Ld − Lq
2

ir∗s +Mf if (3)

= L0i
r
s + L2i

r∗
s +Mf if (4)

where ir∗s denotes the complex conjugate of irs.

C. Rotor equations
The rotor scalar equations are expressed in the rotor

reference frame. The voltage equation is:

vf = Rf if +
dψf
dt

(5)

with

ψf = Lf if +Mf isd (6)
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Fig. 1: The EESM schematic representation

III. EQUIVALENT-FLUX BASED ESTIMATION

This section describes a unified position estimator for AC
machines. It is designed by merging of the contributions
of several papers including [8], [11]–[15]. The following
estimator consists of two parts: stator flux estimation based
on a programmable statically-compensated (PSC) low-pass
filter (LPF), and rotor flux position estimation based on the
Equivalent Flux, or Active Flux, concept described below.

A. Stator flux estimation

The stator flux vector can be estimated by integrating the
back-EMF (ess):

ψs
s

=

∫
(vss −Rsiss)dt =

∫
essdt (7)

where vss is the command voltage estimated using an inverter
model, Rs is considered to be fairly accurately known, and iss
is the measured stator current.

The implementation of a pure integrator is prone to drift
problems due to inverter nonlinearities, current measurement
noises, unbalanced gains and DC offset. Furthermore, an initial
condition error would result in a DC-offset in the integra-
tor output. To overcome these problems, various algorithms
have been reported in the literature, including adaptive flux
observers [13], which require the knowledge of the machine
inductances. Nevertheless, it can be argued that if the (open-
loop) integration function is optimized, the use of adaptive
(closed-loop) estimation structure would not be easily justi-
fiable. Thus, an optimized modified integration algorithm is
designed for stator flux estimation.

To remove the error due to the DC-offset at the input of
the integrator, a high-pass filter, with a corner frequency ωc,
is implemented in series with the input of the pure integrator.
This results in a low-pass filter (LPF) approximated integrator:

Ψ̂s(s)

es(s)
=

1

s
.

s

s+ ωc
=

1

s+ ωc
(8)

The filter generates both magnitude distortion and phase lag,
which can be compensated for, in steady-state, by multiplying

the filter by the following function, in order to bring the LPF
response closer to the pure integrator response [11]:

jωs + ωc
jωs

= 1− j ωc
ωs

(9)

Furthermore, the tunning of the filter cut-off frequency is a
trade-off between the offset rejection dynamics and the steady-
state accuracy: for example, higher corner frequency ωc en-
sures faster DC-offset rejection, however, it introduces higher
distortion in the output signal due to increasing attenuation
and phase lag. Therefore, an adaptive corner frequency tuning
should be adopted: ωc is chosen in a way to be dependent on
the stator angular frequency ωs as follows [8]:

ωc = λ|ωs| (10)

where λ is a positive real number smaller than one. At low
speed, λ can be tuned to a low value, e.g. 0.1, whereas for
higher speeds, it can take higher values. In this case, the time-
constant of the LPF, 1/(λ|ωs|), is decreased with the increase
of the stator frequency. The time-domain expression of such
a PSC-LPF is [8]:

ψ̂
s

s
=

∫ (
−λ|ωs|ψ̂

s

s
+ [1− jλsign(ωs)] e

s
s

)
dt (11)

The performance of the PSC-LPF depends on the stator
resistance, the accuracy of the inverter model, and the choice
of λ. Furthermore, it heavily relies on the accuracy of the stator
flux angular frequency (ωs) estimate. A PLL-based estimation
scheme, applied to the command voltage, is implemented to
estimate the stator angular frequency [12], as shown in Fig. 2.

B. Equivalent-flux concept and position estimation

The stator back-EMF integration is valid for all AC ma-
chines, since they all have the same voltage structure. The
rotor position estimation based on the stator flux relies on the
interaction between the stator and the rotor fields, which is
dependent on the rotor structure. Nevertheless, a unified flux
model can be developed in view of rotor field-oriented control
of AC drives, by introducing the Equivalent Flux concept ψeq
and an equivalent stator inductance Leq [14]:

ψs
s

= Leqi
s
s + ψs

eq
(12)

ψs
eq

= ψeqe
jθ (13)

with Leq = Lq for synchronous machines and Leq = σLs
for inductions machines (IMs), and the equivalent flux ψeq is
expressed for the EESM, IPMSM and the IM as the following:

EESM : ψeq = (Ld − Lq)isd +Mf if

IPMSM : ψeq = (Ld − Lq)isd + ψr

IM : ψeq = krψrd

(14)

The rotor position of the EESM can be estimated from the
stator flux by evaluating the phase angle of the equivalent flux
vector using the arctangent function for example.

The complex signal flow of the equivalent-flux-based po-
sition estimator is shown on Fig. 2.
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Fig. 2: Equivalent-flux based Estimator

IV. STATE-OBSERVER BASED ESTIMATION

The state-space model of the EESM can be deduced from
Section II, by incorporating the mechanical model equations
[6]. A state-observer, such as the extended Kalman filter (EKF)
can be designed to estimate the rotor position and speed based
on the stator and rotor currents measurement. Nevertheless,
a state observer requires the system to satisfy the so-called
observability conditions, in order to ensure stable and accurate
estimation. The observability of the EESM is studied in [6],
where it is shown that at standstill, the observability is not
guaranteed, unless some varying (high-frequency) voltage is
injected in the machine.

According to the authors experience, a full-order observer,
such as the EKF, is not a practical solution for EV’s EESM
self-sensing control, for the following reasons:

• Observer-based estimation fails at very low-speed, unless
an HF voltage is injected. In the case of the studied
EESM, the injection in the rotor winding is not helpful
because of the low bandwidth of the rotor circuit. A low
amplitude HF signal will be filtered if injected to the
rotor, and lower frequency signal would generate torque
ripple. On the other hand, if the HF signal is to be injected
in the stator, then HFI techniques would be preferred
thanks to their robustness and simplicity.

• The model does not only rely on the knowledge of Ld and
Lq , but also on Lf and Mf . These inductances cannot
be accurately known due to nonlinear saturation phe-
nomenon that occur in the machine. Therefore, apart from
observability problems at low speed, a state-observer,
such as the EKF, would fail to accurately estimate the
position over the whole operating range, due to the
absence of an accurate linearized model.

• the EKF implementation requires high computational
burden.

As a conclusion, state observers that rely on the knowledge
of the inductances are less likely to work on the EESM, where
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Fig. 3: HF voltage injection principle.

magnetic saturation phenomena are more complex than the
IPMSM. More robust methods are to be sought.

V. PULSATING HF INJECTION BASED ESTIMATION

The pulsating HF injection (HFI) position estimation has
been proposed for the IPMSM by Corley and Lorenz [9]. It
is based on the property of the d- and q- axes flux being
decoupled: if the following HF voltage vector, at ωc angular
frequency (ωc >> ωs)

vr̂sc = Vc cos(ωct) + jVc
ω̂s
ωc

sin(ωct) (15)

is injected to the drive, in the estimated rotor reference
frame (Fig. 3), it is expected to induce HF current only on
the estimated d-axis. The measured HF current through the
estimated q-axis is driven to zero via a PI mechanism in order
to make the estimated position track the actual position. The
HF resistive drop voltage can be neglected. The induced HF
flux in the estimated position coordinates is

ψr̂
sc

=
Vc
ωc

sin(ωct) (16)

it can be expressed in the stationary coordinates as follows:

ψs
sc

=
Vc
ωc

sin(ωct)e
jθ̂ (17)

The induced HF current in the stationary coordinates can be
written as (by inverting equation 4 and transforming it into the
stator reference frame):

issc =
1

L2
0 − L2

2

(
L0ψ

s

sc
− L2ψ

s∗
sc
ej2θ

)
(18)

= Icpe
jθ̂ sin(ωct)− Icnej(2θ−θ̂) sin(ωct) (19)

Icp and Icn denote the maximum magnitude positive- and
negative-sequence components of the HF currents respectively:

Icp =
Vc
ωc

L0

L2
0 − L2

2

=
Vc
ωc

L0

LdLq
(20)

Icn =
Vc
ωc

L2

L2
0 − L2

2

=
Vc
ωc

L2

LdLq
(21)

The HF q-axis current component is extracted using a
first order high-pass filter (HPF), and the following position
estimation error signal, ε, is evaluated by low-pass filtering
this HF component multiplied by sin(ωct):

ε = LPF
[
sin(ωct)Im

(
issce

−jθ̂
)]

(22)
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which finally yields:

ε =
Icn
2

sin 2(θ − θ̂) ≈ Icn(θ − θ̂) (23)

This signal is then fed to a PLL tracking mechanism that
outputs the position. The demodulation process is illustrated
in Fig. 4. For more details about the PLL tuning refer to [16].

The Pulsating HFI is also a generic estimation technique
that can be applied to AC drives. It only required a magnetic
anisotropy in the flux path. In the case of the EESM, the stator
HF current can generate a rotor HF current due to the coupling
between the two circuits. Nevertheless, as mentioned earlier,
the rotor bandwidth is much lower than the stator one for the
studied EESM, and the HF signal is chosen in a way to be
filtered by the rotor circuit.

VI. EXPERIMENTAL RESULTS

This section presents the results of the experimental tests
that have been performed on the 4-poles 65-kW Renault
manufactured EESM drive that is used on the Zoé electric car.
The drive is operated in sensorless configuration, the position
sensor is used for comparison. A 10 kHz switching frequency
PWM voltage source inverter is used, with a 400 Volt DC bus.

A. Flux-based position estimation

The Equivalent-flux-based position estimator presented in
Section III has been tested under self-sensing control con-
figuration, for a speed ramp, from 1000 to 9000 rpm, with
no- and full-load. The results are shown on Fig. 7. The
value of Lq is generated based on a look-up table with two
inputs (for simplicity): the estimated speed and estimated
torque. The look-up table is filled based on experimental tests.
Other techniques can be used for Lq identification, such as
polynomial identification using the stator current as input. To
the best of the knowledge of the authors, the adaptive, robust
estimation of Lq is still an open problem, and no promising
solutions have been proposed yet.

The position estimation error depends mainly on the values
of Lq . Higher accuracy and higher precision look-up table is
needed to ensure better estimation quality. Position estimation
based on flux estimation is not stable at low speed, due to the
low amplitude range of the back-EMF.

The speed estimation using the stator voltage PLL seem to
be fairly accurate. Its dynamical performance can be further
improved by fine tuning the PLL or by incorporating the
mechanical model and the torque request.

B. Kalman Filter based position estimation

The extended Kalman filter (EKF) algorithm shown in Fig.
5 has been tested, using the stationary αβ electromechanical
model of the EESM [6]. System linearization matrices and ma-
trix inversion calculation had been done analytically, off-line,
in order to reduce computational burden. The HF injection in
the rotor winding proposed in [6] has been implemented. Fig.
6 shows that at very low speed, when a HF current is injected
to the rotor winding, the position estimation error is around
zero, which is not the case when no HF current is injected. This
is consistent with the observability analysis results presented
in [6]. On the other hand, the EKF performance depends
on the accuracy of the machine model; due to magnetic
saturation phenomena, which are significant in traction drives,
the position estimation error varies significantly depending
on the operating point. The tests show that an EKF with a
simple EESM model cannot provide an accurate estimation
for different operating points.

C. HFI-based position estimation

HFI-based position estimation is tested for speeds lower
than 1000 rpm. The injected voltage amplitude is 30 V, at 1.5
kHz. A very challenging torque-speed profile is used for the
test (see Fig. 8); it includes situations that are not likely to
happen in practice.

The pulsating HFI-based self-sensing control seems to be
robust enough, especially that no parameters are needed for
estimation. It should be noted that the steady state estimation
error increases as the speed increases. As for the speed
estimation, it seems to be accurate enough.

The dynamical performance of this estimation technique
can be improved by fine-tuning the filters and the PLL band-
widths. The EESM under study seems to have advantageous
saliency characteristics.

VII. CONCLUDING REMARKS

The electric vehicle traction drive is a very challenging
application for the self-sensing control, because it requires
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Fig. 6: EKF experimental results.

very accurate position estimation with high dynamical per-
formance, including critical situations such as high-torque
zero-speed operation. In addition, the AC machines used in
traction have high power-to-volume ratio, with a complex
magnetic (saturation) behavior. Throughout this paper, three
position estimation approaches have been studied and tested
on an EESM traction drive: the equivalent-flux, the state-
observer and the high-frequency injection approaches. The
first approach can be applied to all AC machines. Its main
limitations are the stability at low speed and the dependence
on the accuracy of the inductance Lq estimation. The second
approach highly relies on the machine inductances, and re-
quires higher computation complexity. The latter approach is
accurate and robust enough at low speed, and can be applied

for all salient AC machines. However, it suffers from limited
dynamical performance at higher speeds. Combining the first
(or second) and the latter approaches is a viable estimation
strategy that is well known and often used [17]. Further
investigations of the rotor winding injection characteristics and
benefits [4]–[6] are to be carried out in the future.
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Fig. 7: Flux-based sensorless experimental results: no-load (left) and full-load (right) speed ramp from 1000 to 9000 rpm.
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Fig. 8: HFI sensorless experimental results.


