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ABSTRACT Electrically excited synchronous machines (EESMs) are becoming increasingly preferred in
electric vehicles (EVs) due to their non-reliance on rare-earth materials. In traction EESMs, accurate estimation
of apparent inductances is crucial for designing current controllers, calculating electromagnetic torques, and
determining operation maps. Existing inductance estimation methods, developed based on the permanent
magnet synchronous machines (PMSMs), only consider self inductances of the stator windings. However, due
to the presence of both stator and field windings in EESMs, it is necessary to estimate both self and mutual
inductances, which can greatly increase the estimation difficulty due to more unknown parameters. Hence, in
this paper, a new EESM apparent inductance estimation method is proposed. In the proposed method, self and
mutual inductances are simultaneously estimated using an enhanced particle swarm optimization (PSO)
algorithm. The effectiveness of the proposed method is experimentally verified. Experimental results show
that, compared to the standard PSO and dynamic PSO, the enhanced PSO exhibits higher estimation accuracy
and better estimation stability. Additionally, by employing the estimated apparent inductances in the EESM
current controller, precise current control can be achieved during dynamic processes.

INDEX TERMS Electrically excited synchronous machines (EESMs), electric vehicles (EVs), inductance
estimation, particle swarm optimization (PSO)

. INTRODUCTION

With the growing environmental consciousness among
consumers and the enactment of supportive electrification
policies by various countries, electric vehicles (EVs) have
experienced rapid development in recent years [1][2]. As one
of the fundamental components of EVs, electric machines
(EMs) play a crucial role in shaping the performance of EVs
[3]. Permanent magnet synchronous machines (PMSMs),
owing to their high torque density and simple control, are
presently the most commonly utilized EMs in EVs [4].
However, in PMSMs, the rotor flux is generated by permanent
magnets, which are typically crafted from non-renewable rare-
earth materials [5]. The extraction and refining processes of
these materials can also be environmentally detrimental [6].
Moreover, permanent magnets also face the risk of being
demagnetized under high temperature or high load conditions
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[7]. To avoid these issues, electrically excited synchronous
machines (EESMs) are considered as a promising solution. In
an EESM, the rotor flux is produced by injecting DC currents
into the field winding, mitigating the use of permanent
magnets [8]. In addition, compared to a PMSM, flexible rotor
flux can be attained by regulating the field current, thereby
allowing for higher power factor at high speeds and a broader
flux-weakening range [9][10].

Accurately estimating the apparent inductances of EMs is
crucial for several reasons. Firstly, these apparent inductances
are used for calculating the feedforward voltages within the
current controller, ensuring optimal dynamic performance of
EMs. Moreover, precise estimation of electromagnetic torque
output, which depends on accurate apparent inductance values,
is imperative for effective control of vehicle dynamics [11].
Furthermore, when designing the machines’ operation map,
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apparent inductances are essential in locating target operation
points in accordance with specified control strategies, such as
Maximum Torque Per Ampere (MTPA) [12].

Given their importance, various approaches have been
proposed to determine the apparent inductances of EMs. The
most straightforward method to determine the apparent
inductances of EMs is by utilizing supplementary measuring
equipment. For example, as detailed in [13], a signal generator
produces sinusoidal voltages, which are then amplified before
being applied to the stator windings. Analyzing the winding
currents with a power analyzer allows for the determination of
self inductances. However, in the context of EMs in EVs, the
frequency and amplitude of the stator currents can exceed one
thousand Hz and several hundred amperes at some operation
points. Amplifiers face great challenges in generating voltages
with amplitudes adequate for measuring apparent inductances
at these operation points [ 14]. Moreover, the accuracy of these
equipment may also impact the accuracy of inductance
estimation. The finite element method (FEM) offers another
relatively direct approach to obtaining apparent inductances of
EMs [15]. FEM accounts for detailed geometries and material
properties of laminations, allowing for precise modelling of
saturation effects and inductance nonlinearity. Nevertheless,
the high fidelity of FEM models leads to computationally-
intensive calculations [16]. Additionally, manufacturing errors
can also result in significant deviations between the actual
machines’ inductance values and those calculated by FEM.
The Extended Kalman Filter (EKF), as is utilized in [17], can
also address the nonlinearity of apparent inductances in EMs,
providing precise estimation under high load conditions.
However, in EESMs, when self and mutual inductances are
both estimated, more states will be incorporated into the EKF
state vector [18]. Consequently, the calculation of the Jacobian
matrix within the EKF framework can become significantly
intricate. To reduce calculation complexity, the Model
Reference Adaptive System (MRAS) can also be employed to
estimate the apparent inductances of EMs [19]. However,
MRAS estimation accuracy is more susceptible to the quality
of measurement. In addition, longer convergence periods are
required, particularly when there are big initial estimation
deviations [20]. The Recursive Least Squares (RLS) method
demonstrates rapid convergence and less memory usage in
estimating apparent inductances of EMs, yet its performance
can be easily influenced by algorithmic settings, such as the
forgetting factor and convergence criteria [21]. Methods based
on Artificial Neural Networks (ANNs) have the advantage of
bypassing the need for explicit electric models of EMs and
giving estimation of apparent inductances solely based on
measurable quantities. ANNs exhibit notable flexibility in
handling inductance nonlinearity [22]. Nonetheless, the
performance of ANNs depends on the availability of large
training datasets and is also susceptible to overfitting issues.

Particle Swarm Optimization (PSO) is recognized as an
attractive stochastic optimization method and is widely used
in multiple parameter identification problems [23]. In terms of

estimating inductances of EMs, PSO also demonstrates good
performance owing to its ability to compute parallel. In [24],
a standard PSO algorithm is applied to estimate the inductance
and resistance of a PMSM by observing the d-axis current
under single phase AC voltage input. In [25], it is illustrated
that PSO can simultaneously estimate both the mechanical and
electrical parameters of a PMSM by incorporating a rotation
accelerating test. Additionally, PSO has also been hybridized
with other algorithms, including the Gravitational Search
Algorithm (GSA) [26] and Artificial Immune System (AILS)
[27], resulting in improved performance in estimating EMs’
inductances. However, in the aforementioned studies, PMSMs
have been the primary focus of research. In PMSMs, the
mutual inductances between the d-axis and g-axis are much
smaller than the self inductances. Consequently, prior studies
on electric machine parameter estimation have mainly targeted
stator winding self inductances. In contrast, concerning
EESMs, the mutual inductances between the stator and field
windings are significant, which are crucial for current
controller design. Despite their importance, no existing work
has reported a method capable of simultaneously estimating
the apparent self and mutual inductances of EESMs. Hence,
the major objective of this paper is to address this research gap,
with the main contributions summarized below:

e  The apparent self and mutual inductances of EESMs are
simultaneously estimated using a PSO-based method.
By incorporating the estimated apparent inductances
into the current controller, the transient current control
performance is substantially improved.

e  An enhanced PSO algorithm is developed, in which the
weight factor, cognitive factor, and social factor are
precisely designed and adjusted based on the collective
behaviors of all searching particles. Compared with the
standard PSO and dynamic PSO, the proposed enhanced
PSO algorithm shows significantly improved estimation
accuracy and estimation stability.

e A complete implementation procedure for applying the
propose enhanced PSO algorithm to EESM inductance
estimation is established. A local linearization approach
that considers both stator and field current variations is
introduced to handle magnetic saturation effects.

The rest of this paper is organized as follows. In section II,
the EESM electrical model is first introduced. In section III,
the proposed EESM apparent inductance estimator and the
enhanced PSO algorithm are explained. In section IV,
experimental results are discussed, before conclusions are
drawn in section V.
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Il. EESM ELECTRICAL MODEL

The EESM is modelled in the d&q frame, with the Clarke
Transformation applied in the amplitude-invariant way. The
EESM dynamic model can be formulated as:

.
u=R l+ﬁ+w P, (1)

where u and i represent the voltage vector and current vector
in the d-axis, g-axis, and field winding:

Ugq id
Bl
Ug if

R is the resistance matrix, consisting of the stator winding
resistance Ry and field winding resistance Ry:

Ry 0 O
R=]0 Ry O l 3)
0 0 R
w is the speed matrix, consisting of the rotor electrical rotating
speed w;:
0 —-w. O
w = [(ur 0 Ol. 4
0 0 o0

P represents the flux-linkage vector in the d-axis, g-axis, and
field winding, and can be calculated by multiplying current
vector and apparent inductance matrix L:

Yy Lag Laq Laf] fig
Y=|Yq|=L-i=|Lga Lqq Las|- [iql- (5)
e Leg Leq  Lgs| Lis
The derivative of the flux-linkage in (1) can be computed by

multiplying the derivative of the current vector with the
incremental inductance matrix I:

dig
lag lag 1 dt
d¢_ _di_ ldd ldq ldf . diq ]
dt - dt lqd qu qu E (6)
fd fq ff dif
dt

Therefore, the EESM dynamic model described by (1) can
be reformulated as:

di
—R.ia]. 2 L-i 7
u=R-i+1 dt+w L-i (7)

In steady-state, the current derivatives become zero. Hence,
the EESM steady-state model becomes:

u=R-i+w-L-i. (8)

lll. EESM APPARENT INDUCTANCE ESTIMATION
The EESM steady-state model described in (8) is utilized to
estimate the values of EESM apparent inductances.
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A. ESTIMATOR DESIGN
The steady-state voltages of the d-axis, g-axis, and the field
winding can be obtained from (8):

Ug=Rs-ig— o (Lgaia+Lgq iq+Lgrir) (9
Uq =Ry iq+ @ (Laa - ia + Laq " iq + Lag - ig),  (10)

Uf=Rf'if. (11)

Multiple unknown parameters are incorporated in (9), (10),
and (11), but not all of them need to be estimated. Firstly, R¢
can be directly calculated using (11). In addition, the mutual
apparent inductances between the d-axis and g-axis can be
ignored due to their substantially lower values in comparison
to other apparent inductances:

qu = qu = 0 (12)

Hence, five parameters, i.e., Rs, Lqq, Lqf> Laa» Las» shall be
estimated. Due to flux saturation phenomena, altering any
current within ig, iy, ir leads to concurrent changes in the
apparent inductances. This issue is addressed through local
linearization. As is shown in Fig. 1, when one operation point
is being studied, i.e., Py: (ido, iqo, ifo) , the apparent
inductances are considered as constant within a small cubic
area centered around the studied point. The lengths of the
cubic area in three dimensions correspond to Aig, Aigq and Aig.
To further mitigate the effect of apparent inductance variations
caused by current changes in different dimensions, the steady-
state currents and voltages of eight operation points are
employed to estimate the apparent inductances of P,. These
eight points correspond to the eight vertices of the studied
cubic area, i.e.;, P, P, ... P;, Pg, some of which are also shown
in Fig. 1. The d-axis, g-axis, and field currents of these eight
points are ig', ig', and if":

ig = [ié‘:‘l ig?z ig?s ig,lzt ig?s ig?s i3?7 ié‘fs],
ig = [igh lg2 ig3 igs Igs lqe lq7 lgs],  (13)
it =[ify iz i3 iy ifs ife ify ifg].

The d-axis and g-axis voltages of these eight points are uj!

m.
and ug':

Pes: (a6, g6, if6) Ps: (las, igs, irs)

Ps: (las, Igs, ifs)
A

Ai H : (1ao0)iqo, Tro) Py: (igs, Iqa, iss)
f P obbathitt Iy

I

Y

P1: (ia1, Iq1, If) i Ps: (ia3, g3, If3) iq
a

FIGURE 1. A cube containing the studied operation point.
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ufl = [ugy udy, ufs Uy Uds Uds Udy Udsl, (14
up = [ugh Ugz Uqs Ugs Ugs Uges Uqr Ugsl.
Therefore, utilizing the steady-state currents and voltages of
the eight points in (9) and (10) allows for the formulation of
16 equations. Hence, the apparent inductance estimation
problem can be converted to an optimization problem, aiming
to optimize the five unknown parameters to satisfy the 16
equations as closely as possible. The degree of satisfaction
shall be quantified by a fitness function, which is designed as:

8 8
f(Rs Lag Las Laas Lag) = Z|ﬁd[j]| + Z|ﬁq[j]|' (15)
=1 =1

where 24 and U are calculated as:

g =ug — (ﬁs g = wp e (Lgg 1§ + Los- i}n))’ (16)

a=ud — (R i+ o, (Lag - i+ Lge- 1)), (17)
where Rg, Lyq, Lot Laa, Lar are estimated parameters.

The schematic diagram of the EESM parameter estimator is
illustrated in Fig. 2. The three-phase AC currents are measured
and converted into the d&q currents, which, together with the
measured field current, are sent to the current controller. In the
current controller, the d-axis, g-axis, and field control voltages
are calculated. The d&q control voltages determine the
switching duty cycles of the three-phase inverter through
Space Vector Pulse Width Modulation (SVPWM), while the
field control voltage is sent to the excitation system, ensuring
proper voltage is applied to the field winding. As is mentioned,

]
T

a | Sb | Sc

verter
A

lia Iy | Ic
Gosmn] [are]
iy | g

Uq | Uq

I Excitation System |

|

Iy | ur

Y

Uqc
—

Current Controller

EESM Control System 1

id,ref E E
iq,ref
if,ref

2 /| Py P, P3 Py

Ps P, P; Py

img imy i

Fitness
»| Function |

u™y u’“q

Optimal

Parameters [ € PSO Iteration

FIGURE 2. Schematic diagram of the EESM parameter estimator.

the parameter estimation of one operation point is based on its
eight surrounding points. Therefore, these eight points form a
testing cycle that serves as the reference current inputs to the
current controller. In each PSO iteration, the steady-state
control voltages obtained in the current controller and the
steady-state measured currents are used for the fitness function
calculation according to (15). The optimal parameters can be
identified when the fitness function calculation converges.

It should be noted that when apparent inductances of many
operation points need estimating, any vertex of each cube is
also a vertex of other seven cubes. Therefore, the steady-state
current and voltage of each vertex in a cube can be utilized for
parameter estimation of all its eight surrounding points under
study. Consequently, when employing the proposed estimator
for grid-based parameter estimation, the required number of
vertices to be tested will equal the number of operating points
to be estimated.

In addition, the proposed method is currently implemented
as an offline inductance estimation approach, meaning that the
required current and voltage data should be measured in
advance before being used in the estimator. This approach is
well suited for EESM parameter calibration and current
controller design prior to the installation of the machines in
electric vehicles. However, during actual operations of
EESMs in electric vehicles, a large amount of current and
voltage measurement data is continuously available. These
data can be appropriately selected and processed to be utilized
by the proposed estimator. Therefore, the proposed method
also has the potential to be extended for online inductance
estimation. This extension is particularly valuable considering
that EESM inductances may vary over time due to aging
effects. By recalibrating the EESM inductances after a certain
operating period, accurate EESM control performance can be
maintained.

B. ENHANCED PARTICLE SWARM OPTIMIZATION
PSO is a stochastic optimization method inspired by the social
behavior of bird flocking or fish schooling. In PSO, multiple
particles collaboratively explore a multidimensional search
space by sharing information about their individual and global
best positions, with the objective of minimizing a predefined
fitness function. In this section, the development of the
proposed enhanced PSO is presented in a structured way. First,
the formulation of the standard PSO is introduced, including
the definition of particle position and velocity vectors, as well
as their update rules in each iteration. Then, the proposed
enhanced PSO is described in detail, where collective behavior
information from all particles is incorporated to redesign the
velocity update mechanism. Finally, a complete flowchart is
provided to illustrate the overall implementation procedure of
the enhanced PSO.

During the particle searching process, N particles work in
parallel. Each particle (e.g., particle n) is described by a
velocity vector v, and a position vector x,,:
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VUn = [vn,l Un,z ------ vn,M—l vn,M], (18)

Xn = [xn,l xn,z """ xn,M—l xn,M], (19)

where M demotes the length of two vectors, which equals the
number of parameters to be optimized. During the iterative
optimization process, all particles are moving in a M
dimensional space until an optimal position is found.

The particle velocity is updated according to:

Un,m [k + 1] =W 'VUym [k]
+cp 1y - (B[] = 2 m[K]) (20)

+ ¢y 1y (xB[K] — xp K1),

where vy, i [K] is the k'™ iteration’s velocity of the particle n
in the dimension m. w, ¢; and c, are weight factor, cognitive
factor and social factor. r; and r, are two independent random
numbers within (0,1) to incorporate the stochastic nature of

the method. xg_l:n [k] is the historical best position of the

particle n in the dimension m until the k™ iteration. xﬁlb [k] is
the global best position of all particles in the dimension m
until the k™ iteration. In order to maintain the swarm
coherent, the calculated velocity needs to be further restricted

according to:

VpmlK + 1] = min ((x:,l]p = x0"), vymlk + 1] ), 20

Vomlk + 1] = max ((x%,?"" =% ), Vamlk + 1] ), (22)
where x," and xSV are the upper and lower boundary values
of the particle position in the dimension m.

The particle position is updated according to:

xn,m[k + 1] = xn,m[k] + Un,m[k + 1]! (23)

where x;, 1 [K] is the k'™ iteration’s position of the particle n
in the dimension m. It should be noted that during the particle
searching process, particles are allowed to move beyond the
boundary defined by x,;” and X% in order to enhance global
searching capability. This design improves the swarm
diversity and reduces the risk of suboptimal convergence,
particularly when the true optimal lies near or outside the
predefined boundary. However, to avoid excessive movement,
particle velocities are constrained based on x,,” and xlow a5
is described in (21) and (22). This means the maximum
distance a particle can move in each iteration is restricted,
which helps maintain search stability while still allowing
particles to explore beyond the boundary.

As described in (20), the velocity update equation consists
of three parts. The first part is the exploration component and
represents the particles’ confidence in their current velocities,
facilitating the expansion of the search area and exploration in
the space. The second part is the cognitive component which
embodies each particle’s individual thinking and motivates
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them to learn from their own experiences and move towards
their personal best position. The third part is the social
component which signifies the exchange of information
among all particles and guides them towards the globally best-
known position. The velocity update manner of one particle is
also illustrated in Fig. 3.

Xa [K+1] ”x" PoTK]

x &b [k]
Vi [K+1]

Xu [K]
FIGURE 3. lllustration of one particle’s velocity update manner.

In standard PSO, the values of w, ¢; and ¢, are constant
throughout all iterations. However, as the particle swarm
exhibits different distribution characteristics, the demands for
three velocity update components (exploration, cognitive, and
social components) also change. Therefore, an enhanced PSO
algorithm is proposed in this paper, which has updated w, ¢,
and ¢, in each iteration. In the proposed algorithm, the
normalized distance square of each particle to the global best
position d,[K] is calculated in every iteration:

dy[k] =
< 2 (24)
D ((eamlil = 2 060) /e 1] - i [kD )

where x23%[Kk] and x2"[Kk] are the maximum and minimum
value of all particles in the dimension m until the k* iteration.

At the beginning of the swarm search, all particles are
highly scattered. During this stage, exploration and covering a
wide search area are crucial to locate the global optimal region,
requiring a larger w. Conversely, in the later stage of the
swarm search, particles converge towards the optimal region.
At this point, a smaller w should be used to achieve localized
refinement of the optimal search. Hence, a factor describing
the convergence degree of all particles is designed:

keon[k] = e~(davelkd—dminlk]), (25)

where dayg[K] and dpin [K] represent the average value and
minimum value of dy[k] (n=12,.... ,N) in the k'
iteration. k., [K] is the convergence factor of all particles in
the k™ iteration. As the iteration number increases, Kcop
increases and gradually approaches one. w is designed to be
inversely correlated to k¢qp:

wlk] = Wmax — (Wmax - Wmin) “Kcon [k], (26)

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Open Journal of the Industrial Electronics Society. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/0JIES.2026.3671359

80PEN|
'cs Author et al.: Preparation of Papers for IEEE Open Journal of the IES

where w[k] is the weight factor in the k™ iteration. wy,, and
Whin are the maximum and minimum weight factors.

In addition to w, a judicious selection of ¢; and c, is also
essential to achieve high optimization precision and rapid

Particles’ Speed Initialization

Vom (N=1,2,20, N;m=1,2, -« -+, M)
convergence speed. A larger c¢; can enhance the particles’ Particles’ Position Initialization
global search ability, which is preferable in the initial particles Xom(n=12,, N;m=1,2,
optimization stage when particles are widely distributed. In Initialization

. . 5 Personal Best Position Initialization
contrast, a larger c, can expedite more particles’ convergence P (=12, N)
towards the global optimal region, which is preferred in the Global Best Position Initialization

later optimization stage when particles are gathering together. Xe

Therefore, a factor describing the dispersion level of all
particles is designed: Iteration Number Initialization

k=1
k [k] _ dave [k] - dmin[k] (27)
dis - 4
dmax [k] - dmin[k]
Convergence Factor Calculation: ko, [k]
where dp,.«[K] denotes the maximum value of d,[k] (n = Equation (25)
. th . . . . . .
1,2, .. .. ,N) in the k . 1terat101;. .kdls[.k] is the dl.spers%on T S —
factor of all particles in the k™ iteration. As the iteration Equation (26)
number increases, kqjs decreases and gradually approaches Weight Factor,
s . (SGNULNERCIA  Dispersion Factor Calculation: Kais[K]
zero. ¢, and c, are de81gned as: and Social Factor Equation (27)
_ Update
(&1 [k] = C1final + kdis [k]' (28) Cognitive Factor Calculation: ¢;[k]
Equation (28)
(&) [k] = C2final — kdis [k]: (29)

Social Factor Calculation: c¢;[k]
where c, [K] and c, [k] are the cognitive and social factors in S
the k™ iteration. C1final and Cpfina are the approximate
values that these two factors finally reach when particles have k=k+l
converged after a sufficient number of iterations.

Equations (25)-(29) define the convergence factor and

. . . . .. . Personal Best
dispersion factors, and their use in adjusting the weight factor, PRPPSRBASORMN  Particle Fitness Calculation: f(x,[k])
cognitive factor, and social factor in each particle searching Update Equation{15)
iteration. These equations are original and also form the core
concept of the proposed enhanced PSO.

The flow-chart of the proposed enhanced PSO algorithm is
demonstrated in Fig. 4. Before the iteration starts, all particles
are initialized by setting initial velocity and position values
according to:

Particle Number Initialization
n=1

Xn PP[K] = Xq [k] {0 [K]) < f(xa P [k-1])

x20[k] = X, [k] f(xa[k]) < f(xe°[k-1])

up __ xlow
— up low m m 30

Uyml0]l =15 (x,; —x -

n,m[ ] 3 ( m m 2 ’ ( ) Velocity Update: v,[k+1]
5 Equation (20)
Velocity and
_ . up _ . low low A

xn.m [0] =1 (xm Xm ) + Xm (31) Position Update Position Update: x,[k+1]

e . .. Equation (23)
where v, 1, [0] and x;, 1, [0] are the initial velocity and position

of the particle n in the dimension m.r; and 7, are two
independent random numbers within (0,1). Similarly, the
historical best position of each particle and the global best
position are also initialized according to (31). Within each
iteration, w, ¢; and c, are firstly calculated according to (25)-
(29). Subsequently, each particle is individually evaluated,
where its fitness value is calculated according to (15). The Output X [Kpnax]
calculated value is then compared with the fitness value of the
particle’s historical best position. If the particle’s fitness value
in the current iteration is lower, the particle’s historical best
position will be updated to its current position. Similarly, if the FIGURE 4. Flow-chart of the proposed enhanced PSO.
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particle’s fitness value is even lower than the fitness value of
the global best position, the global best position will also be
updated to this particle’s position in the current iteration.
Afterwards, the velocity and position of the particle will be
updated according to (20) and (23) respectively. One iteration
finishes when all particles have been evaluated and updated.
The iteration continues until the maximum iteration number is
reached, and the global best position from the last iteration will
be output, which is also the final optimization results.

IV. EXPERIMENTAL VERIFICATION

In order to verify the effectiveness of the proposed apparent
inductance estimation method, a 60 kW EESM is prototyped,
as is presented in Fig. 5. The prototyped EESM features three
phases, four pole pairs, and 48 slots. The stator windings are
made of hairpins, while the field winding is constructed using
round wires. Detailed parameters of the prototyped EESM are
listed in Table 1.

(a) Rotor

(b) Stator
FIGURE 5. Rotor and stator of the EESM prototype.
TABLE 1. Parameters of the Prototyped EESM.

Parameter Value Unit
number of turns per pole in stator 4 -
number of turns per pole in rotor 112 -

stator inner diameter 123.0 mm
stator outer diameter 175.0 mm
rotor outer diameter 121.6 mm
lamination stack length 120.0 mm
base speed 2500 rpm
nominal DC-link voltage 360 \
peak power (30s) 60 kw
peak torque (30s) 190 Nm
shaft material C4SE -
stator lamination material B35AV1900 -
rotor lamination material M235-35A -

The test bench picture of the experimental setup is shown in
Fig. 6. The prototyped EESM is back-to-back connected to a
PMSM, which serves as a load machine. The stator currents of
the EESM and PMSM are provided by two three-phase
inverters. The field current of the EESM is provided by a
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brushless excitation system, which consists of an H-bridge
inverter, a rotational transformer, and a rotational rectifier.
During experimental tests, the PMSM functions as a generator
and is controlled with a constant speed reference at -300 rpm
(EESM rotates at 300 rpm). The EESM operates as a motor
and is controlled with current reference inputs. The EESM
stator currents are directly measured with current sensors.
However, due to the design of brushless field excitation, the
EESM field current is obtained through a telemetry system.

PMSIMV InVerter s

FIGURE 6. EESM and PMSM back-to-back test bench.

As is presented in Fig. 7, the dSPACE SCALEXIO system
is employed as the controller for the PMSM and EESM. A
dSPACE I0-board (dS6121) is utilized to receive current
measurements from the test bench. By employing the
measured currents, control voltages of the PMSM and EESM
can be computed using field-oriented-control programs, which
have been compiled into a ASPACE CPU-board (dS6001).

L

FIGURE 7. EESM and PMSM controller (1SPACE SCALEXIO).

A. EXPERIMENTAL DATA ACQUISITION

As is introduced in Section III-A, parameter estimation for a
single operation point requires the steady-state currents and
voltages collected at the eight vertices of a cubic area centered
around the studied point. Here, the studied point is chosen
under a low speed and load condition. The d-axis, g-axis, and
field currents are specified to be -4A, 16A, and 1.5A. Under
higher speed and load conditions, the d-axis and g-axis control
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voltages are expected to be higher according to (9) and (10).
This leads to a higher signal-to-noise ratio, and the estimation
accuracy is therefore expected to improve compared to the
studied point presented in this paper. The lengths of the cubic
area in three dimensions, i.e., Aig, Aig, and A, are set to be
4A, 4A, and 1A respectively. In Fig. 8 the experimental data
of the eight vertices is presented. The stator and rotor currents
are measured at a 10 kHz sampling rate. The d-axis and g-axis
voltages are accessed from the EESM current controller,
which are synchronously updated with the current
measurement. From the obtained experimental data, it can be
observed that the measured currents can follow the reference
currents. However, when the reference currents step, it will
take some time before the measured currents reach the next
steady-state. Additionally, due to the unstable DC power
supply used in the experimental setup, low-frequency
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FIGURE 8. Experimental data of eight operation points at eight vertices
within a cubic area (a) d-axis current (b) g-axis current (c) field current (d)
d-axis voltage (e) g-axis voltage.

fluctuations are observed in the voltage data. In order to
mitigate the impact of these factors on parameter estimation,
at each operation point, the reference currents are maintained
unchanged for 10 seconds. Furthermore, the data from the
middle 8 seconds are averaged to represent the steady-state
current and voltage values.

B. APPARENT INDUCTANCE ESTIMATION RESULTS
Utilizing the steady-state measurement, the enhanced PSO
algorithm introduced in Section I1I-B is employed to estimate
the EESM parameters. The unknown parameters include Ry,
Lqq. Lat. Las Lag. Accordingly, M in (18) and (19) equals five.
Regarding the selection of swarm size, an insufficient number
of particles may lead to inadequate convergence of the search
space, whereas an excessively large swarm can increase the
computational burden without improving estimation
performance. Therefore, the number of particles is usually
selected by considering the dimensionality and complexity of
the optimization problem. In the present study, the parameter
estimation is performed in a five dimensional search space. A
moderate swarm size is generally sufficient to ensure adequate
exploitation while maintaining computational efficiency.
Based on this consideration, a swarm size of 60 particles is
selected. The maximum and minimum weight factors, i.e.,
Wmax and wyi, in (26), are set to be 1 and 0.5. The final
cognitive and social factors, i.e., €1 fina; and ¢ fina), are set to
be 1.5 and 2.5. The initial guesses of the parameter are derived
from finite element method (FEM) simulations. The upper and
lower boundaries of the particle position are set to be
symmetrically aligned with the parameter initial guesses with
deviations of 50%, as is listed in Table 2.

TABLE 2. EESM Parameter Values (FEM Simulated & PSO Estimated).

Para- . FEM Lower Upper ?SO Unit
meter  simulated  boundary boundary estimated
R, 75.00 37.50 112.5 86.62 mQ
Lyq 1.416 0.708 2.124 1.297 mH
Ly -2.137 -3.206 -1.069 2511 mH
Laq 1.415 0.706 2.123 0.9012 mH
Las 23.79 11.90 35.69 15.71 mH

The optimization process of the proposed enhanced PSO is
presented in Fig. 9. The convergence factor k.., calculated
according to (25) is plotted in In Fig. 9a. k., describes the
degree of concentration of all particles relative to the global
best position. In the beginning, the initial random distribution
of all the particles results in a smaller k,,. Afterwards, kqp,
starts to increase. However, between the 5th iteration and the
10th iteration, a slight drop of k., can be observed, which is
caused by the significant changes of the global best position in
the initial several iterations. Afterwards, k.., continues to
increase and gradually approach one. This indicates that all
particles are gathering toward the global best position and
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conducting more detailed searching. According to (26), the
weight factor w is negatively correlated with k., which can
be observed in Fig. 9b. The decreasing w is beneficial for
balancing the global exploration in the initial iterations and the
local exploitation in the later iterations. In Fig. 9c, the
dispersion factor kg;s calculated according to (27) is plotted.
The trend of kg;s also proves that particles disperse initially
and converge with the increasing iteration number. The
cognitive factor ¢; and social factor c, are presented in Fig. 9d.
It can be observed that ¢; decreases while ¢, increases to their
corresponding finial values, which is in accordance with (28)
and (29). The fitness value of the global best position is shown
in Fig. 9e. The rapid decrease in the fitness value at the
beginning is attributed to the continuous discovery of better
positions by different particles. After 15 iterations, the fitness
value starts to decrease slowly and finally converges within 40
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FIGURE 9. Optimization process of the proposed enhanced PSO (a)
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iterations. The five estimated parameters are represented by
the five dimensions of the global best position. The changing
of the estimated parameters over iterations is illustrated in Fig.
10. Similar to the fitness value, all the five estimated
parameters exhibit rapid changes in the first 15 iterations due
to the global searching. Subsequently, local searching is
performed before the final optimized solution is achieved. The
estimated parameters are listed in Table 2.

The performance of the proposed enhanced PSO is further
evaluated by comparing with a standard PSO and a dynamic
PSO. In the standard PSO, the weight factor, cognitive factor,
and social factor are fixed throughout the optimization. The
dynamic PSO represents another advanced PSO variant, in
which these factors vary during the iteration process, but the
collective behaviors of all searching particles are not explicitly
considered [28]. To ensure a fair comparison, all three PSO
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FIGURE 10. Estimated EESM parameters with increasing iteration
number (@) R (b) Lqq (€) Lqs (d) Laqg (€) Lgs-
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algorithms employ the same number of particles and the same
maximum number of iterations for EESM parameter
estimations. The evolution of the fitness values for the three
PSO algorithms over iterations is compared in Fig. 11. Due to
the random initialization of particle positions, the initial fitness
values vary slightly among the three methods. However, it can
be observed that the initial rapid decrease in fitness value
requires more than 20 iterations for the standard PSO and
dynamic PSO, whereas the enhanced PSO only needs less than
15 iterations. This improvement is due to the stronger global
exploration capability of the enhanced PSO, which enables it
to quickly identify the optimal region. Once the optimal region
is located, the enhanced PSO also demonstrates better local
exploitation, allowing the fitness value to continue decreasing.
This indicates that the estimated parameters are further refined
to achieve more accurate results. Compared with the standard
PSO and dynamic PSO, the proposed enhanced PSO reduces
the final fitness value by around 7.1% and 4.0% respectively.
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FIGURE 11. Fitness value evolution of the standard PSO, dynamic PSO,
and proposed enhanced PSO.

In order to evaluate estimation stability, all three PSO
algorithms are used to estimate the EESM parameters 20 times
using identical experimental data. The converged fitness
values and their corresponding probability density curves are
presented in Fig. 12. It can be observed that the enhanced PSO
achieves the lowest average converged fitness value, which
further indicates its highest estimation accuracy among three
PSO algorithms. Furthermore, the probability density curve
for the enhanced PSO exhibits a much more concentrated
distribution of the converged fitness values, demonstrating a
significant improvement in estimation stability compared with
the standard PSO and the dynamic PSO.
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FIGURE 12. Converged fitness value distributions and the corresponding
possibility density curves of the standard PSO, dynamic PSO, and
proposed enhanced PSO.
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C. EVALUATION OF ESTIMATED APPARENT
INDUCTANCES

When the EESM runs under steady-state, inaccurate
estimations of the apparent inductances in the current
controller have little influence on machine performances as
the PI-controller can adjust the control voltage so that the
actual currents finally track the stable reference currents.
However, during dynamic processes, when the reference
currents are changing, incorrect transient control voltage may
be applied due to inaccurate parameter estimations. The
EESM apparent inductances are needed when designing the
current controller on the d-axis and g-axis, as is illustrated in
Fig. 13. Specifically, Lqq and Ly are used for the d-axis

control voltage calculation, while Lqq and Lg; are used for the
g-axis control voltage calculation. Therefore, in order to assess
the accuracy of the parameter values estimated using the
enhanced PSO, the estimated apparent inductances are
incorporated into the current controller, and the machine is
tested with a dynamic process. Additionally, parameter values
obtained from the FEM simulations are also tested with the
same dynamics process.

| N
. —&-
—-

lme . m-e-
| D om-m—

FIGURE 13. EESM current controller on the d-axis and g- axis.

Experimental results are presented in Fig. 14. Initially, the
EESM runs under steady state with stable reference currents.
At Os, the references of the d-axis, g-axis, and field current
simultaneously steps from -2A to -6A, from 18A to 14A and
from 1A to 2A respectively, with a slew-rate of 300A/s. The
d-axis control voltages are shown in Fig. 14d. It can be
observed that the d-axis control voltage calculated using the
PSO-estimated parameters is bigger than the one calculated
using the FEM-simulated parameters during transients. This
difference is due to that, as indicated in Table 2, the PSO-
estimated qu and iqf are smaller than the FEM-simulated
values. According to Fig. 13, when the machine rotational
speed is a positive value (300 rpm), the smaller Lyq and L
values in the current controller leads to a bigger d-axis control
voltage. Similarly, in Fig. 14e, the smaller g-axis control
voltage calculated using the PSO-estimated parameters is
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attributed to the smaller Lyqgq and Lg¢ values estimated by the
enhanced PSO. The resulting d-axis and g-axis currents are
illustrated in Fig. 14a and Fig. 14b respectively. It can be
observed that the d-axis current is not significantly affected by
the variations of the apparent inductances in the current
controller, which is due to the limited cross-coupling effect on
the d-axis. However, a distinct difference is observed in the g-
axis current. When the FEM-simulated apparent inductances
are utilized in the current controller, the calculated control
voltage is bigger than the required amount. Consequently, the
g-axis current jumps from 18A to 20A when the transients
start before decreasing to the new reference value at 14A. On
the contrary, when the PSO-estimated apparent inductances

< 0
S o bttt it ot b
S AN AL A KL SRR
E 4
5 iy
2 il
S 10 I I I I I |
-0.3 -0.2 -0.1 0 0.1 0.2 0.3
Time [s]
(a)
EZZ r
2201
£ 18 fotsotiugiatsirma o A\\
2 %
'g 141 o S et
6_12 I I I I I |
-0.3 -0.2 -0.1 0 0.1 0.2 0.3
Time [s]
(b)
22.5 r
E 2, 'ww..u.Al.un fofh, Wy
e
515¢ /M
o
T 1 i e
[}
0.5 L L L L L |
-0.3 -0.2 -0.1 0 0.1 0.2 0.3
Time [s]
(c)
150
[}
=
£
S
2
3
-]

(d)

g-axis Voltage [V]

Time [s]
(e)
——Measurement Using FEM-Simulated Apparent Inductances
——Measurement Using PSO-Estimated Apparent Inductances
Reference

FIGURE 14. Dynamic process comparation between using the FEM-
simulated apparent inductances and PSO-estimated apparent
inductances in the current controller (a) d-axis current (b) g-axis current
(c) field current (d) d-axis voltage (e) g-axis voltage.
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are utilized in the current controller, the g-axis current closely
tracks the reference value during the transients. Hence, the
apparent inductances estimated by the enhanced PSO method
are proved to be more accurate and are crucial for achieving
precise current control during dynamic processes.

V. CONCLUSIONS

In this paper, a new method is proposed to simultaneously
estimate the apparent self and mutual inductances of EESMs.
In the proposed method, an enhanced PSO algorithm is
developed, which utilizes information on the collective
behaviors of all particles to adaptively adjust the particle
search trajectories in each iteration. The proposed method is
experimentally verified. Compared with the standard PSO and
the dynamic PSO, the proposed enhanced PSO can reduce the
final converged fitness value by 7.1% and 4.0% respectively,
demonstrating improved estimation accuracy. Moreover,
repeated estimation tests also indicate that the proposed
enhanced PSO exhibits better estimation stability. Finally, by
employing the estimated apparent inductances in the EESM
current controller, fast and accurate current control can be
achieved during transient operation conditions.
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