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Torque observation of WRSM with model
uncertainties for EV applications

Yahao Chen, Malek Ghanes Member, IEEE, Arezki Fekik and Abdelmalek Maloum

Abstract—In this paper, a torque observation method based
on linear parameter varying (LPV) approach is proposed for
a wound rotor synchronous machine (WRSM) used in Electric
Vehicle (EV) car (mainly used in Renault ZOE car). The machine
is modelled with the consideration of model uncertainties in
both the magnetic behavior and the machine resistance. The
uncertainties of the magnetic behavior come mainly from the
saturation effect of the inductance and are viewed as extra
state variables of the system. Then by treating the derivatives of
the magnetic uncertainties as states and disturbance variables,
the machine model in state space form is formulated as an
LPV system or an equivalent nonlinear time-dependent system.
State observability and unknown input observability are studied.
Finally, a robust LPV observer is designed to estimate the
flux and eventually the torque of the machine. Both simulation
and experimental results are illustrated on a benchmark of EV
propulsion to show the effectiveness of the proposed observer.

Index Terms—Wound rotor synchronous machine (WRSM),
observability and observation, LPV observer, torque and flux
estimation, uncertainties estimation, EV applications

I. INTRODUCTION

OR safety and control reasons, the propulsion of electric

vehicles (EVs/HEVs) is halted if the difference between
the measured torque and the reference (accelerator pedal)
exceeds a minimum threshold set by the manufacturers. Tradi-
tional torque measurement using mechanical sensors is costly
and bulky. Therefore, torque information is often obtained
through data prediction systems, which can limit accuracy.
To improve torque estimation accuracy and reduce costs,
software-based sensor methods that do not require mechan-
ical sensors for permanent magnet synchronous machines
(PMSMs) have been developed in e.g., [1], [2], [3]. A sen-
sorless torque estimation method for brushless DC motors
using back electromotive force (BEMF) and observer tech-
niques to achieve accurate torque estimation is proposed in
[4]. Similarly, another approach presents a sensorless torque
estimation method for induction motors using a Luenberger
observer [5]. This method is based on a mathematical model
of the induction motor and allows for robust torque esti-
mation despite varying operating conditions. The methods
proposed in [1], [2], [3] take into account magnetic satu-
ration and magnet demagnetization to ensure better torque
estimation accuracy. These methods have been tested on a
low-power test bench (1.5-3 kW) with a PMSM, and the
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results were satisfactory. Indeed, the difference between the
estimated torque and the requested torque (accelerator pedal)
is below the set minimum threshold. However, when these
methods were tested on the full-power test bench BEMEVE
(https://renault-chair.ec-nantes.fr/bemeve), with a wound rotor
synchronous motor (similar to those used in early generations
of the ZOE EV), the torque estimator did not show suffi-
cient robustness to variations of magnetic uncertainties [6].
Additionally, variations in stator resistance and speed were
not considered.

In this paper, we propose a new torque observer that
takes into account variations in magnetic uncertainties. The
proposed LPV observer is distinguished by its ability to handle
variations in magnetic uncertainties, stator resistances, and
motor speed, thereby improving the accuracy and robustness
of torque estimation. The originality of our approach lies in its
consideration of a wide range of uncertainties and parameter
variations, enabling more precise and robust torque estimation,
essential for demanding EV applications. A rigorous obser-
vation methodology, including observability study, observer
design, and stability analysis, is proposed. This approach is
supported by experimental tests on a real-power test bench
BEMEVE.

For the theoretical contributions, we first showcase the state
and unknown-input observability of our machine WRSM by
its nonlinear time-varying control system model. Subsequently,
we propose a robust observer based on a linear parameter-
varying (LPV) formulation. Over the past decades, the control
and observation of LPV systems have been extensively studied
both theoretically and in practical applications, as detailed in
the survey by Hoffmann and Werner [7]. Notably, several
works have demonstrated the effectiveness of LPV system
formulations for EV applications, including [8]-[12]. Our
approach differentiates itself by employing a torque observer
with a Kalman-like structure [13] and utilizing polytopic
synthesis [14]. Consequently, the gain scheduling is achieved
through a finite number of quadratic matrix inequalities. We
propose a straightforward algorithm that transforms these bi-
linear matrix inequalities (BMIs) into linear matrix inequalities
(LMIs), which are then solved iteratively.

The remainder of the article is structured as follows:
Section II presents the mathematical model of the WRSM.
Section III describes the state and unknown input observability.
Section IV details the robust LPV state observer design.
Section V provides the simulation results. The experimental
results and discussion, demonstrating the accuracy and robust-
ness of the proposed method, are presented in Section VI.
Finally, Section VII concludes the article and outlines future
research perspectives.
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II. MATHEMATICAL MODEL OF WRSM

The dynamics for the flux of a WRSM in the rotor reference
frame (d — g frame) are given by

A

de = vg — (Rs + ARy)ig + we,
Sy~ (R + AR, — s (1)
% = vy — (Ry + ARy)iy,

where the lower indices d,q and f indicate the d, g-frame
and the excitation-frame, respectively; Mg, Ag, Ag, Va, Vg, Uy
and ig,iq,%7, are the flux, the voltages and and currents,
respectively; Ry and R are the resistances of the stator and of
the excitation circuit, and AR, and ARy are differences from
the measured resistances and the real ones, which are assumed
to be some unknown but bounded variables; w, is the stator
electrical angular velocity, which is assumed to be known
from measurement or estimation. By considering the model
uncertainties caused by e.g., nonlinear magnetic saturation,
imprecise system identifications, the relation of the rotor and
stator flux with the current can be represented by

Ad = Ldid+Mfif +ALdid+AMfif
—_——

9a

Ay = Lyiq + ALyi,
——

9q

Ap = Myig+ Lyiyp + AMyiq+ ALyiy,
-

9f

where Lg, Ly, Ly are inductance of the machine, My denotes
the d-axis-field mutual inductance. ALy, ALy, ALy, AMjy
are magnet model uncertainties of inductance and they are
not assumed to be constants. All those uncertainties form
compactly as g4, g, and gy representing, respectively, the
deviations between real and assumed flux in d, ¢ and f-axis.
The electromagnetic torque of the machine has a direct relation
with the flux in d — ¢ frame:

3
Te = i(p)(/\dzq - )‘qid)v (2)

where p is the number of pole pair of the machine. Thus
to obtain the real value of the flux Ay and ), in order to
estimate the torque T¢, it is essential to estimate the values of
the unknown variables g4 and g, (note that the value of gy is
not necessarily needed for the torque estimation).

The flux-current relation can be rewritten in a more compact
matrix form:

Ad id 9d Ly 0 My
M| =H |ig| + |gq|, H=|0 L, 0. @3
)\f if gf Mf 0 Lf

By substituting (3) into (1), we get a current model of the
WRSM as follows

iq g
T lq + gq
vf 9gf

4
vg — (Rs + AR)ig + we(Lgiq + gq) @)

= |vg — (Rs + ARS)iq — we(Ldid + Myip + gd) ,
vf — (Rf + ARf)if

where g4, g4, gy are time derivatives of gq, g4, g5, respectively.
It is assumed in [1] or in its following works [3], [6] that those
magnetic uncertainties gq and g, are static (i.e., gg = gq = 0)
or slowing-varying variables (i.e., g4 = g, = 0). In the present
paper, we do not make such assumptions. Instead we regard
the higher order time derivatives of the magnetic uncertainties
as external disturbances injected to the system, namely, we
denote

9a cq Cq dg
dol = leals el = ldo| . 5)
gy cf ¢ dy

The angular velocity w,. can be obtained or estimated in real
time by angular position/rate sensors or using high-frequency
injection methods [15]-[17]. Then based on different views
of the time-varying variable w. = w,(t), the mathematical
model of the machine can be formulated into either a linear
parameter varying (LPV) system or a nonlinear system. It can
be observed from (4) that the right-hand-side of the equation
depends affinely on the current variables i4, 74,7 and the only
nonlinearities come from the bi-linearity of w, and the current
variables. By treating w, as a varying parameter instead of a
time-varying variable, the combination of (4) and (5) gives an
LPV system in the form

& = A(we)r + Bu+ AAx + Ed
E(we) :

y=Cu (6)

where © = (id,iq,if,9d, §q,Cds Cq> Cf) € RS are states, u =
(vd,vg,vf) € R3 are known inputs and d = (dg, dy, dys) € R?

are unknown disturbances. Denote Ls := MJ% — LqLy, the
system matrices are given by, respectively,
Alwe) =
RsLy —LjyLgqwe —RjypMjy 0 —Ljwe Ly 0 —My
Ls Ls Ls Ls Ls Ls
—wel —Rg —weMy _ -1
Leq d qu o f L“:]e 0 0 Tq 0
—RsMy MygLqwe RjflLg o Mpwe —My o La
Ls Ls Ls Ls Ls Ls ’
0 0 0 0 0 1 0 0
0 0 0 0 0 1 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
—L M
= 0 L 00000
10000000
B=| 0 £ 0 00000 | C= 01000000},
o _ 00100000
—L o ZEdpo0000
Ls Ls
ARgsL —AR¢M
=t o —=f"foo0000
000 ’ _ar ’
000 0 T 0 00000
000 —ARgM AR¢L
_ {000 — s My fld
E=|990], AA= T 0 7=t 00000
100 0 0 0 00000
010 0 0 0 00000
001 0 0 0 00000
0 0 0 00000
0 0 0 00000
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Remark 1. Generally, the model uncertainties arising from
variations in resistance, AR, and AR, can be viewed as
slow-varying parameters in the system matrix or as external
disturbances. However, here we do not regard them as varying
parameters like w.. This exclusion stems from the challenge
of accurately determining the bounds of these variations,
which are necessary for robust LPV observer design. While
both AR, and AR, are bounded, determining their values
or bounds precisely is difficult. There are two reasons why
these uncertainties are not treated as external disturbances
d. Firstly, an examination of AA and B reveals that the
resistance uncertainties and the known inputs u affect the
system in similar directions. In cases where input voltages
are sufficiently large, they can compensate for any adverse
effects caused by AR; and AR,. Secondly, the primary
objective of the LPV observer design below is to bolster
robust performance against magnetic uncertainties rather than
resistance uncertainties.

In practical systems, the angular velocity of the machine
operates within a limited range due to physical constraints.
Therefore, it is reasonable to assume that the parameter w, is
bounded, meaning it falls within a specified range, i.e.,

We € (W, Wel,

where w. = max(w.) and w, = min(w.) are constants.
System (6) is called a polytopic LPV system [7], [18] because
the system matrix A dependents affinely on the varying
parameter w., i.e.,

A(we) € Co{A(w,), A(we)},

where Co{-} denotes a convex hull of matrices. More specif-
ically, we can write

Alwe) = awe) Alwe) + (1 — a(we) ) A(@e),

where

We — We

0 < a(we) = <1 @)

a)e - ﬂe

Apart from the angular velocity, due to the physical operation
limits and the reasons that the currents of the machine has
already been regulated via a PI controller, we make the
following boundness assumptions on the variables x, the
resistance uncertainties AR, ARy (or, equivalently, AA) and
the acceleration w,.

Assumption 1. There exist positive scalars [y, [, 7 such that

NAAf < by, 2|l <lz [lwell < 7.

If the angular velocity w, is viewed as a known input variable,
then system (6) can be seen as a nonlinear system

5. & = f(z,we, ARs, ARs) + Bu+ Ed
y = h(z),

where f(z,we, ARs, ARf) = (A(we) + AA)z, h(z) = Cz.

This nonlinear system model will be used for checking the

state and unknown inputs/disturbance observability. Then a
robust LPV observer will be built on system (6).

®)

III. STATE AND UNKNOWN INPUT OBSERVABILITY

We adopt the classical definition of state observability for
nonlinear systems in e.g., [19], [20]. Denote a solution of
¥ starting from an initial point 2° under some w.,u,d by
2(t, 2% we, u, d).

Definition 1 (State observability). The system X is called
locally state observable if there exists an open dense subset
V C R” and a time scalar 7' > 0 such that for any two
states z1 € V and 2% € V, the corresponding outputs with
x! and z? as initial points satisfies that y(t, 2';we,u,d) #
y(t, 2% we, u, d) implies z(t, 21 we, u, d) # z(t, 2% we, u, d)
for all ¢ € [0,T) and for all admissible u, d, w,.

Roughly speaking, the state observability is a property for
the reconstruction of the state variables x via the data from the
measurable outputs y and its time derivatives v, 4, ... when
assuming the inputs we, v and d (and their time derivatives)
are known. However, the disturbance d, a priori, is not given,
to know if it is possible to use the available information y to
recover d, we need to check its unknown input observability,
the latter concept is closely related to the left-invertibility of
nonlinear control systems [20]-[22].

Definition 2 (Left-invertibility and unknown input observabil-
ity). The system X is called locally left-invertible with respect
to inputs d and outputs y if there exists an open dense subset
V C R”™ and a time scalar 7' > 0 such that for any initial
point z° € V and two admissible inputs d'(¢) and d?(t), the
corresponding outputs with d' and d? as inputs satisfies that
y(t, 2% we, u, db) # y(t, 2% we, u, d?) implies d*(t) # d?(t)
for all ¢ € [0,T) and for all admissible u, w. The system ¥ is
called locally unknown input observable for d if it is locally

left-invertible without knowing the initial value z".

The input-observability characterizes the property of recov-
ering the unknown inputs d by ¥y, v, ¥, ... (possible need the
help of u,w. and their derivatives) without the knowledge of
20, The criteria for checking the state or unknown input ob-
servability relies on the calculation of the time derivative array
for the outputs y. Denote L s h(z, we) 1= %Jc(w, we). For
system 3, given by (8), we have

y=L¢h(z,w.)+Lph-u+Lgh-d,
where
Lih(z,we) = C(A(we) + AA)z, Lgh=CB, Lgh=0.
Then
OLsh

We

+LgLgh-d+Lgh- i+ Lgh-d,

= L?ch(x,we) +

(x)we + LpLsh(we) - u

where
OLsh
Owe

L?h(x,we) = C(A(we) + AA)2, (x)=C x,

LpLyh(we) = C(A(we) + AA)B,
LEth = C(A(We) + AA)E
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It can be seen that the Jacobian matrix

. a(yayay) C(A ¢ AA
O(weawe): p) = ( (We) +
T 2 DA(w.)
C(A(we) + AA)* + C=5 e
roo1 0 0 0 0 0 0 0 T
0 1 0 0 0 0 0 0
0 0 1 0 0 0 0 0
RiLf 7LfLque —RLfo 0 —Lwae iff 0 —IIIVIf
5 S5 5 5 5 )
—welg —Rs —weMyp e -1
=| "¢ T& Lo o 0 0 0y
_R;]Mf MfLque R£Ld Zugwe —LMf 0 %
) 8 s 8 s 5
* * * A7qs A7s Are A7r Ars
% * * Agys  Ass  Ags Asr Ass
L * * * Ags  Ags  Ags Aor Ags |
where Rs = R, + AR,, Rf = Ry + ARy, Ay = s w2
L2R, RyM? Ly R,L%2 = RyM?
A75 = - L2 We — L2 fwe - Twe3 A76 - L2f L2 L
L _R.LyM RyM;Lg R
Tiwe, A77 =0, A7g = L’; L— ngf s Asa = Trwe —
1 - _ 2 _ _ R, _ _
,—Twe, Ags = — g we» Ase = 0, Agr = 22 Agg =0, Agy =
RSM L R M La My .
——w , Ags = Lff Lwe + = we + Tre, Aos =
R.M/L R LdM M R.M2  R,.12
stff f f+ fwe’A97_0 Agg_ 6f+ fd
and the symbol “x “ ” represents irrelevant terms. The followmg

results concern with the state and unknown input observability
of the system.

Theorem 1. The system X, given by (8), is state observable
for all x € R™ if and only if

|we| # w?. 9)

Moreover, X is left-invertible with respect to the unknown input
d but it is not unknown input observable.

Proof. We can find two matrix-valued functions P(w.) €
R2%9 and Q(w.) € R®*®, which are invertible for all w, € R,

such that
O(we, we) = P(we)O(we, we ) Q(we)
100 0 0 0 0 -
0100 0 0 0 O
0010 0 O O O
Lf —ZWf

0000 0o 7L o
0000 0 O L

Tq
0
000w?w. 0 O
0

Loo00 0 0 O
Recall from Corollary 4.11 of [20] that the system 3 is state-
observable if and only if rank O(w,,w.) = 8. The mzatrix 0
(and thus O) is of rank 8 if and only if the matrix l “;} is
non-singular. The latter condition is equivalent to 9) Hence
3. is state observable if and only if (9) holds.

Moreover, it can be seen from the calculations of y and g
that the vector relative degree [20], [23] of X with respect to
y and d is (2,2) since Lgh = 0 and LgLh is invertible. So
the system 3. is left-invertible with respect to y and d because
d = (LpLsh) = (j — L3h(z, we) — G2 (2)ie — LpLysh(we) -
u — Lpgh - ). Thus given the same initial condition z°, any
two different outputs y' (¢, 2% we, u, d*) # y2(t, 2°; we, u, d?)
must imply d*(t) # d?(t). However, since it is not possible to
express  (and thus x° and d) as some functions of ¥, ¥, u,
1, w, w if 20 is unknown, we have that y' (¢, 2°; w,, u, d') #

y2(t, 7% we, u, d?) does not necessarily imply d!(t) # d?(t).
Therefore, Y is not unknown input observable for d.
O

Remark 2. (i) The ranks of O(we,w.) and LgLh, and thus
the state observability and unknown input observability of 3,
are not determined by the resistance uncertainties AR, and
AR;. However, in order to exactly estimate x(t) or d(t) using
29, y(t), u(t), we(t) and their derivatives, the precise values
of the resistances are necessary. Although the latter data is not
available, we can still design an observer to estimate the state
x(t) with bounded errors if AR, and ARy are assumed to be
bounded.

(ii) Since d(t) are not observable via the outputs y, we will
treat them as unknown disturbances, to minimum its side effect
to a state observer, the robustness of the observer against ex-
ternal disturbances should be addressed during design process.

IV. ROBUST LPV STATE OBSERVER

A. Observer design

Now for the polytopic LPV system X(w.), we seek a
Kalman-like LPV observer in the form

. {x = A(we)% + Bu+ K(we)(y — C%)

Y(we) : (10)

g = Ci,

where & = (ig,1q,%f,Jd> g, Cds Cq, ¢7) € R are the states of
the observer, K(w.) € R®*? is the observer gain which will
be designed below and

C=138352888),
which is defined for the robust performance on the estimations

of g4 and g,. Define the error e as the difference between the
real states = and the estimated ones z,

€ =T —X.

Then the dynamics of the error and the performance outputs
ye := Cx — g are given by

{ é = (A(we) — K(we)C)e + Ed + AAx

= Ce.

In order to minimize the effect of the disturbance for the
estimation, our objective to design a robust LPV observer
defined below.

Definition 3. The observer 3(w,) is called a robust LPV H,
observer for system Y (w,) with performance v > 0 if

() e(t) > 0ast— oo when d =0 and AR; = AR; = 0.
(ii) lyellz 5.

sup sup ldlls =

wee[ﬂev‘:’e] [|d[|#0

The following theorem states sufficient conditions for the
existence of a robust LPV H, observers for system (w,).




JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

Theorem 2. Under Assumption 1, there exists a robust LPV
Ho, observer $(w.) for system $(w.) if there exist a matrix-
valued function P(w.) = PT(w.) > 0 and a positive scalar
v > 0 such that Vw, € |w,,®@.] :

S(we)  P(we) Pwe)E CT
Plw.) —Q°! 0 0
ETPw) 0 -1 o | <% D
C 0 0 —~I
where
S(we)=A(we)T P(we)+P(we)A(we)—CTR™IC+r Gl;(uwe) ,

and Q = QT > 0, R = RT > 0 are constant weighing
matrices to tune. The observer gain is given by K(w.) =
P~Yw.)CTR™Y. Moreover, if the resistances uncertainties
AR, and ARy are not zero but bounded, then the errors e(t)
are also bounded.

Proof. Consider a Lyapunov function candidate:
Ve, t) = el P(we(t))e.

It follows that

dV((ij’ 2 = éTP(we)e + €T P(w,)e + T P(w,)é

= el (AT (we)P(we) — CTR™'C)e + d" ET P(we)e+

OP(w.)
Owe

el AAzx + €T (P(we)A(we) — CTR™10)e

=e" (AT (we)P(we) + P(we)A(we) — CTR™'C) e+

weel (8];5?6)) e+ d ' ETP(w.)e + el P(w.)Ed+

2T (AA) e + T AAz — " CTR™'Ce.

T (AA) e+ eTw, e+ el P(w.)Ed+

Now if (11) holds, then, by Schur complement, we have

S(we)+P(we)QP(we) Plwe)E A N
ST T 4 [ T el <0

That means

el (S(we) + P(we)QP(we))e + dT ET P(w.)e + d* P(w.)Ee
+ 9y ye —42dTd < 0.

As a consequence, we have

f(wevwe) =

e’ (AT (we)P(we) + P(we)A(we) — CTRTIC) e+
T (P(we)QP(we) + e agf::e)
e P(we)Ed + yl'y. —v*d"d < 0.

) e+d" ETP(w.)e+

12)

It follows that

% + ygye - '72de =+ eTP(we)QP(w6)6+

e"CTR'Ce — 2T (AA) e — " AAx = f(we,we) < 0.
(13)

If AR, = ARy =0, then AA =0 and thus

dv(e,t
éj ) YTy 20T d < T P(w)QP(we)e

—ef'CTR™1Ce < 0.

Then it follows by classical robust control theory [24] that con-
ditions (i) and (ii) of Definition 3 are satisfied, so f](we ) is aro-
bust LPV observer. Moreover, consider the case that AR and
ARy are nonzero. Recall from Assumption 1 that [|AA|| < [;
and ||z|| < la. Since P(w.)QP(w.) + CTR™1C > 0, there
exists A > 0 such that ||P(w.)QP(w.) + CTR™IC|| > A
Then by (13) with d = 0, we have

dV (e, t

%’) < = Allell® + Llallel].
Thus e(t) remains bounded as for [le(t)|| > 42, we have
avien _ g .

B. Polytopic LPV synthesis

In order use the above results to find an observer gain
K (w,), we need to render the infinite set of LMIs in (11) to a
finite set of LMIs (or BMIs). There are different approaches for
LPV synthesis as shown in the survey [7] and the references
therein. Since our LPV system Y (w,) is polytopic and only
the system matrix A depends on w,, we will use the polytopic
synthesis [14], [18]. Denote

A; = A(w,) and Az = A(,).

Corollary 1. Under Assumption 1, there exists a robust
LPV H, observer if there exist two positive-definite constant
matrices P, = PL > 0, P, = P{ > 0 and a positive scalar
v > 0 such that Vi,j =1,2:

AT P+P;A;—CTR™'C+#(P;—P;) P; PE CT

P; -Q7' o o
ETP; 0 —yI O <0,

¢ 0 0 —~I
(14a)

(A1 =A2)T (PL—P2)+(P1—P2)(A1—A2)+(P1 = P2)Q(P1—P2)>0,

(14b)
where T = weige, Q=Q" >0and R = R™ > 0 are tuning
matrices. The observer gain K(w.) = P~ '(w,)CTR™!,

where P(w.) = a(we)P1 + (1 — a(we))Pe and « is given
by (7).
Proof. Observe that f(we,w.) of (12) is a quadratic function
of we. By Lemma 3.1 of [14], Vw, € [w,,®.] and V|w.| <
T(we —w,) : flwe) <0 if

0*f(we, @) [ Dawe)\* 0°f -

Ow? U Owe da? — 7

together with Vw. € {w,,@.} and Vw. € {—7(@. —
g6)7 7:(616 - (’—de)}:

5)

f(we,we) < 0. (16)

Observe that
Pf _ p T
er ((Al—Ag) (Pl—P2)+(P1—P2)(A1—A2)+

(P — P2)Q(Py — Py))e,
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thus (14b) im (phes (15). Moreover by using Schur comple-
ment and 2£ = (P — P,), it is seen that (14a)
guarantees (16) holds eat “the corners of the ranges for w,
and w.. Therefore, with the same arguments in the proof of
Theorem 2, we can conclude that K (w,) = P~ (w.)CTR™!
with P(w.) = aP; + (1 — a)P, is the observer gain for a
robust LPV observer. O

Note that the constraint (14b) is not an LMI but a BMI
which depends quadratically on the unknowns and it is a non-
convex optimization problem if one wants to minimize ~. It is
not possible to transform simultaneously both (14a) and (14b)
into LMIs by Schur complement or changing of variables. To
solve this problem, one may use e.g. the methods in [25], [26].
Here we propose a simple solution with possible conservatism
but easy for calculation and realization.

Step 1: Minimize v > 0 under the LMIs constraints (14a) and
(A; — A2)T (P — P2)+(Py — Py) (A1 — A2)+Lo >0, Lo > 0.
Denote the resulting P; and P as Pip and Pao.
Step 2: If Lo < (P10 — P20)Q(Pio — Pso), then stop and return to Pig
and P»o. Otherwise, set £ = 1 and go to Step 3.
Step 3: Minimize v > 0 under the LMIs constraints (14a) and
(A1 = A2)T(Py — P2) + (P1 — P2)(A1 — Az) + L > 0,
Lx_1— Li >0.
Denote the resulting P; and P as Pji and Poy.
Step 4: If L, < (P1g — Par)Q(P1r — Pag), then stop and return to Py

and Psj,. Otherwise, set kK = k + 1 and go to Step 3.

Remark 3. (i) It is also possible to choose a Lyapunov
function V(e) = el Pe that does not depend on w,. This
choice simplifies the synthesis of the observer gain since
the quadratic terms in (11) become affine-dependent on w,.
and gTi = 0. Consequently, the polytopic LPV synthesis
method described in [18] can be applied, resulting in only
two LMI constraints for w, = w, and w. = .. However, this
method is more conservative compared to the one presented
in Corollary 1 as the Lyapunov function is not parameter-
dependent.

(i) As our system has only one varying parameter we, it
is also convenient to apply the girding-based LPV synthesis
[71, [27], [28]. The idea is to define a grid G for |w,, @], then
minimize -y under the LMIs defined by (11) with all w, € G.
Then check if the obtained P, and P, satisfy (11) under a
denser grid. If it fails, increase the density of G and resolve the
LMIs. The girding-based method is easy to be implemented
but such a method does not provide any rigorous guarantees
for global convergence and performance [7].

C. Discussions and comparisons with existing results

Recall the results in [1] that a linear time-varying (LTV)
observer was designed for the torque estimation of PMSMs,
where the observer gain K (t) = P~1(t)CT R~ is calculated
by solving the time-varying Riccati equation

dpP(t)

== AT(P(t) - P()A(t) -

PHQP(t)+CTR™'C,

a7)
where A(t) = A(we(t)) is viewed as a time-varying matrix
by incorporating the online estimated value of w.. We now

Parameters Value
Maximum Power 65 KW
Number of pole pairs (p) 2

Stator winding resistance (Rs) 0.0123 Q
Stator’s d-axis inductance (Lg) 1700e—5 H
Stator’s g-axis inductance (Lq) 650e—% H
Self inductance of field winding (Ls) | 1.35 H
Mutual stator-rotor inductance (M) 0.0283H
Moment of inertia 0.022K g.m?
Coefficient of viscous friction 0.0064N'm.s

TABLE I
WRSM PARAMETERS OF THE FIRST ZOE CAR.

compare the LPV observer proposed in the present paper with
the LTV observer in [1].

o The system model in [1] assumes that the magnetic
uncertainties satisfy gq = ¢, = 0, limiting its observer to
handling only slow-varying uncertainties. The proposed
model . in (6) addresses magnetic uncertainties by
treating gq and g, as state variables, with gg and g,
considered as disturbances. This approach accommodates
both slow and fast-varying uncertainties.

« A significant challenge in LTV observer synthesis is veri-
fying the solvability of the time-varying Riccati equation
(17). Even if X(we(t)) is observable at each point in
time, this does not ensure the solvability of (17), which
requires uniform complete observability [13]. In contrast,
the existence of an LPV observer gain P(w,) can be pre-
verified through the solvability of the LMIs (14a) and
(14b).

o Another advantage of LPV observer synthesis is the
computational cost. The LPV observer gain is calculated
offline, whereas the LTV observer requires the online
computation of P(t) by solving (17), which is compu-
tationally intensive.

V. SIMULATION RESULTS

A WRSM with the parameters shown in Table I is simulated
in the MATLAB/Simulink environment. The model is based
on the formulation presented in (6), where the dynamics of
the magnetic uncertainties gq and g, are taken into account. A
standard PI field-oriented controller is applied to the machine.
Simulations are conducted to verify the effectiveness of the
proposed method under significant tests involving magnetic
uncertainties AM; and ALg. The first test involves a 14%
variation in M, while the second test examines a 5% variation
in Ld.

These tests are realized with low speed (between 500 rpm
and 600 rpm) of the WRSM under different torque commands.
The results displayed in Figures 1 and 3, show the robustness
of the proposed observer under the considered magnetic un-
certainties, the torque is well estimated during the motor mode
(torque command is increasing) and breaking mode decreasing
(torque command is decreasing).

A. Results with magnetic uncertainties on mutual inductance

Figure 1 illustrates the reference torque T..f along with
the estimated torque Tes;(LPV) using the LPV observer over
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a span of 50 seconds. This analysis includes both static and
dynamic variations in mutual inductance M. It is evident that
the LPV observer performs excellently in tracking a piecewise
constant torque reference, which is a common scenario in
real-life driving conditions. Figure 2 presents a comparison
between the LPV and LTV formulations during the initial
10 seconds. Notably, during the dynamic changes occurring
between 3 and 6 seconds, the robust LPV observer precisely
estimates the electromagnetic torque, whereas the LTV method
encounters difficulties in correcting torque estimation errors,
particularly at ¢ = 2 seconds. This issue is likely due to
challenges in solving the time-varying Riccati equation, high-
lighting the reliability of the LPV approach. Additionally, from
2 to 3 seconds, the LPV observer consistently outperforms
the LTV method. The LPV method also demonstrates less
overshoot compared to the LTV method when dealing with
sudden changes, such as the step function at 6 seconds, in
M. Overall, both techniques provide commendable estimates
of electromagnetic torque throughout the testing period.
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Fig. 1. Simulation results of LPV observer for 50s with variations on M.

20
— T LPY)
T LTV

Torque(Nm)
E
T

ﬁ'

AMH)
& b b o

Time(s)

Fig. 2. Simulation results of LPV and LTV observers for 10s with variations
on My.

B. Results with magnetic uncertainties on stator inductance

Figures 3 and 4 showcase the actual torque compared to the
torque estimated by the LPV and LTV methods, with a focus

on variations in the stator’s d-axis inductance Lg. This test is
designed to highlight the effects of high-order derivatives of
inductance variations. To simulate these effects, a sine function
is used to modulate the d-axis inductance uncertainty. During
the first phase of the simulation (from O to 4 seconds), the
LTV observer displays significant oscillations. This occurs
because the LTV observer’s design does not account for the
presence of high-order derivatives of uncertainties, and the
sine function introduces non-trivial high-order time derivatives
that contradict this assumption. In contrast, the LPV method
shows robustness against such high-order derivatives, provid-
ing a relatively accurate torque estimation during this period.
Furthermore, the LPV method benefits from a simpler structure
and lower computational costs for gain calculation, resulting
in faster tracking performance. After the initial phase, both
methods deliver satisfactory torque estimations, demonstrating
their effectiveness in capturing the system dynamics.
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Fig. 3. Simulation results of LPV observer for 50s with uncertainties on L.

Torque(Nm)

Fig. 4. Simulation results of LPV and LTV observers for 10s with uncer-
tainties on L.

Remark 4 (Resistances uncertainties). The simulations with
uncertainties in the resistances I, and R; have also been con-
ducted. The estimation results show no significant differences
when considering AR, and ARy to be zero or small values.
The possible reasons for this have been explained in Remark 1
above. Specifically, the PI controller may compensate for the
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side effects caused by AR, and ARy, and the torque 7, of
(2) has no direct connections with the resistances.

VI. EXPERIMENTAL RESULTS

To assess the simulation results of the proposed observer
based LPV approach, experiments tests are realized on the BE-
MEVE test bench (https://renault-chair.ec-nantes.fr/bemeve),
which is dedicated to test EV motors at 1-scale power level.

Ventilation of a Ventilation

Torque
sensor

Road Emulator

Road
Emulator

Reducer (1/3) WRSM Lubrication
pump

Fig. 5. BEMEVE test bench of electric motors for EVs

The tested motor is a WRSM, which is used in the first
generation of ZOE cars with the same parameters used in
simulation (Table I). A first test, which is the same one
considered in simulation, is conducted at significant driving
conditions. A second test is performed to show the interest
of the uncertainties estimation of gq and g, for the torque
observer.

A. Low speed (between 500 and 600 rpm) with different torque
commands:

As in the simulation, this test corresponds to the driver’s de-
mand when pressing the car’s acceleration pedal under a con-
stant speed profile (road profile). The obtained results, shown
in Figs. 6 and 7, are quite similar to those obtained in the
simulation (Figs. 1 and 3). They reveal well-estimated torque
when the torque command is increasing (motor mode) and
decreasing (braking mode), despite the torque measurement
being very noisy. We also notice the excellent performance
of the torque estimation during dynamic phases of driving,
such as rapid acceleration and deceleration. As expected, this
performance is achieved by considering the higher-order time
derivatives of the magnetic uncertainties gq,gq, Which are
managed by the proposed observer (9). The currents in the
d — q frame also perform well. As shown in Fig. 7, they
are estimated with high precision, contributing to the accurate
torque estimation.

B. Torque observer without uncertainties estimation:

To highlight the interest of the proposed observer, a test
is conducted with constants speed and torque command. In
this test, the estimated values of uncertainties g4 and g, are
not included in the torque estimation (Fig. 8) during intervals
of time [0,4s] and [10,14s]. As it can be seen, the torque

estimation, during these intervals of time, doesn’t performs
well, a significant static error estimation appeared. Concerning
the currents in d — ¢ frame, they are well estimated (Fig. 9)
since they don’t depend on uncertainties estimation.
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Fig. 6. Torque estimation results with the consideration of g4, gq.
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Fig. 7. The currents with the consideration of g4, g4.
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"
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Fig. 8. Torque estimation results without considering g4, g; when ¢ € [0, 4s]
and [10, 14s].
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Fig. 9. The currents without considering g4, gq4-

VII. CONCLUSION

This article proposes a new technique for estimating the
torque of wound rotor synchronous machines (WRSM) used in
electric vehicles, particularly the Renault ZOE. This technique
utilizes a sensorless approach to reduce costs and the conges-
tion, while accounting for magnetic uncertainties and resis-
tance variations. The innovation of this technique, compared
to existing methods, lies in the design of a robust LPV state
observer, ensuring precise torque estimation in both dynamic
and static regimes despite the presence of uncertainties. An
observability study of the WRSM and a rigorous proof of
the observer’s stability and robust performance are provided.
Validated through simulations and experimental tests, this
technique demonstrates increased efficiency and robustness
under real conditions, offering an economical and accurate
solution to enhance the safety and control of electric vehicles.
These results pave the way for future applications in various
types of electric machines used in EVs.
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