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Abstract—Conventional model predictive current control of
permanent magnet synchronous machines (PMSMs) relies heavily
on a precise mathematical model, which may be challenging to
obtain in certain cases. To address this issue, this paper proposes
a model-free predictive current controller for PMSMs. Specifi-
cally, the dynamic model of the motor currents is represented
using two ultra-local models, which express the derivatives of a
controlled output as the sum of an amplified control input and
an unknown offset term. All system parameters, nonlinear terms,
and unmodeled dynamics are encapsulated into two offset terms.
Online estimation of these two offset terms is performed using a
second-order fixed-time convergence observer without requiring
exact knowledge of the system parameters in advance. In contrast
to both the linear extended state observer and the super-twisting
observer, the fixed-time observer enhances convergence speed
while concurrently sustaining minimal chatting. To get rid of
the need for model rated parameters, an extremum-seeking
approach is utilized to tune the control gains in the ultra-
local model, where the amplitude of the disturbance item in
extremum-seeking approach is adaptively attenuated, resulting
in effective reduction of the fluctuations of both the control gains
and PMSM’s currents in steady state. Subsequently, a predictive
controller is designed using this ultra-local model. Finally, the
effectiveness and advantages of the proposed control scheme are
confirmed through experimental results.

Index Terms—PMSM, ultra-local model, sliding mode ob-
server, model-free predictive control, extremum-seeking control

I. INTRODUCTION

Permanent magnet synchronous machines (PMSMs) have
become a popular research subject due to their potential to im-
prove energy conversion efficiency, power factor, power den-
sity, torque-to-inertia ratio, and other related benefits [1]–[3].
Consequently, PMSMs have been extensively implemented in
diverse fields, such as industrial robots, high-speed rail traction
systems, and electric vehicles [4]–[7]. The fact that the current
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control performance needs to fullfill several constraints makes
the nonlinear control solutions a suitable alternative.

Model predictive control (MPC) is a control strategy that
utilizes a mathematical model of the system to predict its fu-
ture behavior over a specified time horizon, with the controller
subsequently optimizing the control signal using a defined
cost function. As a result of its effectiveness, model predictive
current control has been widely employed in PMSMs [7]–[9].
In [7], a reduced-common-mode-voltage MPC was proposed
for PMSM drives with variable dc-bus voltages in electric
vehicles, aiming to reduce current harmonics in low-speed
regions. In [8], a generalized observer-based model predictive
current control was established to address the issues of external
disturbances and digital delay. [9] proposed a precise model-
aid extended state observer to enhance parameter robustness
and bandwidth of model predictive current control. The effec-
tiveness of MPC is contingent upon the accuracy of the mathe-
matical model of the system, which is a necessary precondition
for MPC implementation. However, due to the linearization
used to approximate the model of PMSMs, several nonlinear
factors are disregarded, leading to deviations between the es-
tablished model and the actual PMSM. Additionally, it should
be noted that the model parameters of PMSMs, such as stator
resistance and inductance, are prone to operational variations
and may differ from their rated values, which can cause
inaccuracies in the model. Consequently, these inaccuracies
can potentially result in performance degradation of the MPC.

To mitigate the dependence of the MPC algorithm on a
highly precise mechanistic model, the concept of model-
free predictive control (MFPC) was introduced, which is
mainly categorized into three distinct approaches. The first
method continues to utilize the ideal mechanistic model as
the benchmark model. By using the input, output and pre-
vious prediction data, the correction factors are estimated to
compensate for the predictions [10], [11]. This approach is
referred to as the model correction method. However, this
method does not entirely conform to the principles of MFPC,
as it remains tethered to the mechanistic model. In [12], a look-
up table approach for model-free predictive current control,
specifically designed for PMSMs, was proposed. This method
employs a current difference detection technique that only
depends on the currents from the previous time instant. [13]
improved upon this technique by estimating current variation
predictions induced by the eight base inverter voltage vectors
using means of previous measurements stored in look-up
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TABLE I: Compare of Different Model-Free Control Methods

Methods Model correction Look-up table Generalized Model

Requirement for a model Ideal Model No ARX data-driven Ultra-local data-driven
Stagnation problem No Yes No No
Relative simplicity Middle Low High Middle

Requirement for gain tuning Yes No Yes Yes
Computational burden Middle Low/Middle High Middle

References [8], [9] [10], [11] [12], [13] [14]-[19]

tables. Nonetheless, the table lookup method is susceptible
to stagnation issues, leading to suboptimal state tracking
accuracy. The third method, generalized model-based MFPC,
has attracted significant attention from researchers due to its
ability to train a generalized model of the plant online through
data-driven methods. In [14], the voltage source inverter model
was established as an auto-regressive with exogenous input
(ARX) model that does not include physical parameters of
the system. Subsequently, a recursive least squares algorithm
was utilized to identify the parameters of the ARX model.
A similar data-driven method was applied in electrical drive
systems discussed in [15], where the parameters of ARX
model were identified using a systematic approach. The ultra-
local model, initially introduced for model-free control in [16],
expressed the derivatives of a controlled output as the sum of
an amplified control input with gain and an unknown offset
term. This generalized model is based on the concept of a
model-on-demand framework, wherein local system dynamics
are estimated using input and output data within a localized
neighborhood around the operating point, rather than relying
on a global model. A comprehensive comparative analysis of
various MFPC methods is presented in Table I. As illustrated
in Table I, the ultra-local model method is entirely independent
of the system’s mechanistic model, ensuring high tracking
accuracy while simultaneously reducing computational com-
plexity and eliminating stagnation issues. Consequently, this
method has emerged as a favored approach for implementing
MFPC.

The estimation performance of the offset term is crucial
in determining the control effectiveness of ultra-local model-
based MFPC. Previous studies have used various approaches
to estimate this offset term. For instance, [17] employed a
high-order filter for offset estimation, while subsequent de-
velopments in observer technology introduced linear extended
state observer (LESO) [18] and while Luenberger disturbance
observer [19] for this purpose. However, both LESO and the
Luenberger observer only achieve exponential convergence of
the estimation error, limiting their speed and accuracy. The
observer’s performance directly affects both the accuracy and
convergence rate of the estimated model, motivating recent
efforts to achieve faster convergence. For instance, [20] intro-
duced the super-twisting sliding mode observer, which offers
finite-time convergence for offset term estimation but is still
prone to chattering issues. The fixed-time convergence sliding
mode observer, which has shown improved performance over
super-twisting sliding mode observer in disturbance estimation
[21]–[24], holds potential in this area. However, fixed-time
convergence sliding mode observer has not yet been applied

to offset term estimation in ultra-local models, despite its
promising fixed-time convergence properties. In light of this,
our study aims to enhance the observation process by inte-
grating a second-order fixed-time convergence sliding mode
observer for offset term estimation in the ultra-local model.
This approach contributes a novel application of fixed-time
convergence sliding mode observer, offering faster and more
accurate estimation and providing new insights into ultra-local
model-based MFPC.

Most of the previous works that employed ultra-local
models for MFPC assumed that the control gain is known
[18], [19], [25], [26]. Typically, nominal values of control
gains are used, with the control gain itself closely linked to
system parameters. However, real-world operational conditions
often differ from nominal values, leading to deviations that
can affect system performance. It then becomes imperative
for ultra-local model-based MFPC to exhibit robustness in
handling such deviations of control gains from the nominal
values. In [27], neural networks were utilized to estimate both
the control gain and the offset term, but this approach requires
significant computing resources, which may not be practical.
Recently, a promising alternative was proposed by [28], where
extremum-seeking control (ESC) method was introduced to
dynamically adjust the optimal control gain using only an
initial gain value. This approach, however, involves super-
imposing a high-frequency sinusoidal signal onto the control
signal, which increases steady-state fluctuations in the output
signal. Therefore, improving ESC to enable adaptive control
gain adjustment without introducing steady-state fluctuations
has become an important point for further research.

Based on the aforementioned observations, this paper intro-
duces an adaptive ESC with a fixed-time convergence sliding
mode observer for acquiring both the gain and offset term
in the ultra-local model. Subsequently, this model is used
instead of the mechanistic model in MPC to accomplish
comprehensive MFPC for PMSMs. The main contributions of
this paper can be summarized as follows.

� The ultra-local model is utilized to represent the current
dynamics of PMSM instead of employing a mechanis-
tic model. This choice eliminates the need for system-
specific modeling, thus freeing the controller from depen-
dence on precise parameters in traditional approaches.

� A second-order fixed-time convergence sliding mode ob-
server is utilized to estimate the unknown offset term
within the ultra-local model. Compared to LESO and
super-twisting sliding mode observer, the proposed ob-
server achieves faster convergence while maintaining
high estimation accuracy, reducing response times and
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improving robustness of the current-loop.
� To avoid the need for rated model parameters, this paper

introduces an adaptively attenuated extremum-seeking
method (AESC) approach to dynamically adjust the
control gain within the ultra-local model. This method
minimizes steady-state current fluctuations by reducing
the amplitude of the high-frequency sinusoidal signal,
enhancing stability and adaptability compared to fixed-
gain strategies.

� Utilizing the ultra-local model, a fully model-free predic-
tive current controller is formulated for PMSMs.

The paper is structured as follows. Section II presents the
model of PMSMs and the design procedure for traditional
mechanistic model-based MPC. Section III provides insights
into the ultra-local model and the detailed design process
of fixed-time convergence sliding mode observer. The design
process of the AESC is outlined in Section IV. Experimental
results and discussions are showcased in Section V, and
Section VI provides the conclusions.

II. TRADITIONAL MODEL-BASED PREDICTIVE CONTROL

A. Mechanistic Model of PMSM

The current dynamic model of PMSM in the rotating refer-
ence frame, also known as the dq0 frame, can be represented
by [6]

_iq= � Rs

Lq
iq � 1

Lq
!e(Ldid +  f ) + 1

Lq
uq;

_id= � Rs

Ld
id + 1

Ld
!eLqiq + 1

Ld
ud;

(1)

where iq and id, uq and ud, Lq and Ld are q- and d-axis
stator currents, voltages and inductance, respectively,  f is
the magnets flux linkage, !e is electrical angular velocity, and
Rs is stator resistance.

The mechanical dynamic of PMSM can be described by

I _!m = Te � Tl; (2)

where I is the moment of inertia, !m is the mechanical angular
velocity with pn!m = !e, pn is the number of pole pairs, Te is
the electromagnetic torque with Te = 3

2pniq[id(Ld� Lq)+ f ],
and the load torque Tl can be modeled as a viscous part plus
a part due to external conditions: Tl = B!m+TL, where B is
the viscous friction coefficient and TL is external load torque.

B. Traditional Mechanistic Model-Based MPC

The discrete form of (1) is obtained using the Euler dis-
cretization method,

iq(k + 1)= iq(k) + Ts

�
� Rs

Lq
iq(k) � 1

Lq
!e(k)Ldid(k)

� 1
Lq
!e(k) f + 1

Lq
uq(k)

�
;

id(k + 1)= id(k) + Ts

�
� Rs

Ld
id(k) + 1

Ld
!e(k)Lqiq(k)

+ 1
Ld
ud(k)

�
;

(3)

where Ts is the current-loop control period.
To obtain the ideal control signal input, back-calculation

method is commonly employed, where the state value at the
next moment is replaced with the reference value. Without

considering control saturation, the control input can be de-
signed as follows using the traditional mechanistic model-
based predictive approach,

uq(k) = Lq

Ts
(i�q � iq(k)) +Rsiq(k) + !e(k)(Ldid(k) +  f );

ud(k) = Ld

Ts
(i�d � id(k)) +Rsid(k) � !e(k)Lqiq(k): (4)

The variables i�q and i�d denote the current controller references
obtained from the speed controller. It should be noted that the
physical parameters such as stator resistance and inductance
are included in the controller as shown in (4). However, as
mentioned in the introduction, these parameters may deviate
from their actual values due to temperature variations and
saturation. Ignoring the mismatch between the actual motor
parameters and those utilized in the controller design can
cause a degradation of current tracking accuracy, leading to an
increase in the harmonic content of the current, and ultimately
resulting in poor robustness of the control system, as discussed
in [19]. Hence, we will propose a model-free predictive current
controller based on ultra-local model to eliminate the reliance
on precise parameters in the next two sections.

III. MODEL-FREE PREDICTIVE CONTROL STRATEGY

A. Ultra-Local Model of PMSM

According to [16], the subsequent single-input single-output
ultra-local model is utilized here to depict the current dynamics
instead of the mechanistic model (1),

_ij = Fj + �juj ; j 2 f d; qg; (5)

where �j are the gains of the control in ultra-local model, Fj
are unknown offset terms that encompass system parameters,
nonlinear terms, and other unmodeled dynamics, effectively
encapsulating almost all system-related information. The chal-
lenge at hand now is to update the value of these offset terms
in real-time by utilizing measurable state values of the system.

B. Second-Order Fixed-Time Convergence Sliding Mode Ob-
server

As stated in the introduction, the performance of real-
time estimation of offset terms significantly impacts the ef-
ficacy of the ultra-local model-based MFPC. Therefore, in
this subsection, a second-order fixed-time convergence sliding
mode observer is employed to improve the performance of
estimating the offset terms Fq and Fd. The design process is
described as follows.

Assumption 1: [29] Considering that the PMSM is a
continuous physical system, it is reasonable to assume that
the time derivatives of the functions Fj are bounded as

_Fj � �Fj ; j 2 f d; qg; (6)

where �Fj are two finite positive values.
By considering Fj as extended states, the second-order

fixed-time convergence sliding mode observer can be designed
as

_̂ij= �juj + �j1dij � îjcm + �j2dij � îjcn + F̂j ;
_̂
Fj= �j1dij � îjc2m�1 + �j2dij � îjc2n�1;

(7)
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where �j ; �j are gains of the observer, 0:5 < m < 1; 1 < n <
1:5 are the exponents of the nonlinear terms, and F̂j represent
estimated values of the functions Fj . In this paper, we select
m = 0:75; n = 1:25.

Remark 1: The parameters m and n determine the non-
linearity of the fixed-time observer and influence its conver-
gence behavior. Specifically, m affects convergence as the
estimated error near the origin, with smaller values yielding
faster speeds, while n affects convergence for larger errors,
with larger values providing quicker responses. However,
excessively rapid convergence can render the observer overly
sensitive. By setting m = 0:75; n = 1:25, the influence of
the nonlinear terms remains moderate, facilitating effective
disturbance rejection while avoiding excessive sensitivity.

Remark 2: In comparison to the super-twisting sliding mode
observer, the second-order integral term employed in the fixed-
time convergence sliding mode observer lacks discontinuous
elements, thereby significantly reducing chattering in the ob-
served values. Furthermore, the incorporation of high-power
terms accelerates observer convergence.

Let us define the error estimates for ij as ~i = ij � îj , and Fj
as ~Fj = Fj � F̂j . The estimated errors in currents and offset
terms can be determined as

_~ij= � �j1d~ijcm � �j2d~ijcn + ~Fj ;
_~Fj= � �j1d~ijc2m�1 � �j2d~ijc2n�1 + _Fj :

(8)

Proposition 1: Given the observer (7) and Assumption 1,
if the gains of the observer are assigned such that the matrices

A j 1 =

�
� �j1 1
� �j1 0

�
; A j 2 =

�
� �j2 1
� �j2 0

�
(9)

are Hurwitz, the estimated errors of the currents ~ij and un-
known offset terms in (8) ~Fj will converge to a neighborhood
of origin within a fixed settling time that is independent of the
initial observation errors.

Proof : The proof of Proposition 1 is given in Appendix A.

C. Model-Free Predictive Current Controller Design

To design a predictive controller, the discrete form of the
ultra-local model (5) is given using the Euler discretization
method,

ij(k + 1) = ij(k) + Ts (Fj(k) + �juj(k)) : (10)

By substituting the estimated values of the offset terms for
Fj in (10), the predicted currents at the next time instant can
be calculated as follows,

îj(k + 1) = ij(k) + Ts

�
F̂j(k) + �juj(k)

�
: (11)

Considering that the values of Fj remain relatively un-
changed within a control cycle, the predicted values of the
currents at time k + 2 can be calculated using the following
equation,

îj(k + 2) = ij(k + 1) + Ts

�
F̂j(k) + �juj(k + 1)

�
: (12)

Taking into account that the one-step delay inherent in
digital implementation and the objective of achieving accurate
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Fig. 1: Current responses under different control gains: (a)
�j = 1:4 1

Lj
, (b) �j = 1:2 1

Lj
, (c) �j = 1

Lj
, and (d) �j =

0:8 1
Lj

. j 2 f q; dg.

currents tracking to the reference value at time instant k + 2,
the controller can be designed by setting ij(k+2) equal to i�j .
The model-free predictive current controller can be formulated
in the following manner,

u�j =
1

�j

�
(i�j � ij(k + 1))=Ts � F̂j(k)

�
: (13)

D. Influence of the Control Gain within the Ultra-Local Model

Compared (5) with (1), it becomes apparent that the optimal
control gains are delineated as �j = 1=Lj . In the context of
a model-free control scheme, it is vital to operate under the
presumption that these optimal control gains remain uniden-
tified. Therefore, special attention is paid to comparing the
control performance across varying control gain values �j
(�j = 1:4 1

Lj
, �j = 1:2 1

Lj
, �j = 1

Lj
, and �j = 0:8 1

Lj
) through

Matlab/Simulink simulations in this subsection, aiming to
elucidate the ramifications of non-optimal gains in the absence
of prior knowledge regarding the ideal gains. The reference
currents are set as i�q = 3 and i�d = 0. The observer gains
are selected as �q = �d = 3000, �q = �d = 500000.
The current tracking results are shown in Fig. 1. It can be
observed from Fig. 1 that in instances where �j deviate from
the optimal value of 1=Lj (non-optimal gains), a discernible
discrepancy arises between the reference and actual currents.
This discrepancy arises due to the alteration in control gain,
thereby impacting the ultimate convergence neighborhood
of the observer. Notably, if the convergence neighborhood
expands, the performance of the observer diminishes. In the
pursuit of identifying optimal control gains in real-time sce-
narios where precise inductance parameters are unattainable,
an extremum-seeking method will be employed in this paper.

IV. EXTREMUM-SEEKING MEHOD TO FIND THE OPTIMAL
CONTROL GAINS

A. Extremum-Seeking Method with Adaptive Sinusoidal Dis-
turbance Amplitude

ESC is a model-free, real-time adaptive control algorithm.
The schematic diagram of ESC is illustrated in Fig. 2, where
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Fig. 2: Schematic diagram of extremum-seeking.

the objective function being maximized is denoted as J and
is related to a parameter �. The function J(�) attains its
local maximum when � = ��. By superimposing a sinusoidal
disturbance a sin(!t) on the estimated parameter �̂, i.e.,
� = �̂ + a sin(!t), one can obtain a map from � to the
objective function J , i.e., J(�) = J(�̂ + a sin(!t)). The
fundamental concept of ESC is to determine the gradient of
function J concerning �, i.e., @�J , by utilizing the sinusoidal
disturbance and the value of J(�̂+a sin(!t)). Fig. 2 intuitively
reveals that the product of the high-frequency component of
J(�̂+a sin(!t)) and the superimposed sine perturbation gives
a positive value when � < ��, while it yields a negative value
when � > ��. The sign of this value indicates the direction
of the gradient, and the magnitude of this value is positively
correlated with the size of the gradient.

The first-degree Taylor expansion is used to approximate J
at �̂.

J�̂(�)= J(�̂) + @�J(�̂)(�̂+ a sin(!t) � �̂) + o
�
a2 sin2(!t)

�
= J(�̂) + @�J(�̂)a sin(!t) + o

�
a2 sin2(!t)

�
:

(14)
By using a high-pass filter, the part � containing the gradient

and higher order remainder is extracted as

� = H (J�̂(�)) � @�J(�̂)Aa sin(!t)+o
�
a2 sin2(!t)

�
; (15)

where A is due to the filter.
Multiplying the � with the sinusoidal disturbance sin(!t),

one can obtain

� = sin(!t)�

= @�J(�̂)Aa sin2(!t) + o
�
a3 sin3(!t)

�
(16)

= @�J(�̂)Aa � @�J(�̂)Aa cos2(!t) + o
�
a2 sin3(!t)

�
:

Subsequently, the gradient information can be acquired by
utilizing a low-pass filter.

@�J(�̂)Aa2 � L (�): (17)

The ultimate step is updating �̂ through the application of
the following rule,

�̂(k + 1) = �̂(k) + TskescL (�); (18)

where kesc is a positive number.
As shown in Fig. 2, the amplitude a provides a trade-off

between speed of convergence and narrowness of region of
attraction. A greater a enables a larger search range, yet it
also results in a larger residual error upon reaching the local

maximum of the optimization parameter. On the other hand, a
smaller a decreases the residual error but also slows down the
convergence speed. In motor control, a larger residual error
can result in a greater fluctuation of control gain, leading to
an undesirable increase in harmonic current. To address this
issue, an adaptive approach is utilized in this paper to drive the
sinusoidal disturbance amplitude to zero based on the gradient
measurement. The adaptation law is given as [30]

_a = � ��(a)exp(� "jL (�)j); a(t0) = a0 > 0; (19)

where � is a designed positive number, " is a positive scaling
parameter, �(a) is a monotonically increasing function with
�(0) = 0. We choose �(a) = a in this paper. As evident
from equation (19), when the absolute value of the gradient
is high, it indicates that the system is still far from reaching
the extreme point. As a result, the amplitude of the sinusoidal
disturbance is maintained at a high level. In contrast, when
the absolute value of gradient becomes small, indicating that
an extreme point has been reached, the sinusoidal disturbance
amplitude is rapidly decreased to minimize the residual error.

B. ESC for Optimal Control Gains Finding

It can be observed from Fig. 1 that the goal of optimiza-
tion is to find control gains �j that minimizes the currents
tracking error. Therefore the objective functions of two current
controller can be designed as

Jj = � 1

Tesc

Z �

��Tesc

�
ij � i�j

�
dt (20)

where Tesc is the integration window. Preliminary experiments
have confirmed that selecting this value as 1

50 � 1
5 of the dis-

turbance period yields better results. We choose Tesc = 1
10

2�
!

in this paper.

C. Speed Controller Design

To ensure that the motor speed reaches and stabilizes at
the desired speed, a Proportional-Integral (PI) controller is
employed in the speed control loop and designed as follows,

i�s = kps(!
�
m � !m) + kis

Z t

0

(!�m � !m)dt; (21)

where i�s is the total current required, !�m represents the
reference mechanical speed, and kps > 0 and kis > 0
are the gains of the proportional and integral components,
respectively.

In this paper, the current magnitudes required for each axis
in the dq coordinate are obtained using maximum torque per
ampere (MTPA) control to optimize the torque production
of the motor while minimizing current consumption, thus
improving the overall efficiency. [31], [32].

i�d =
 f �

q
 2
f + 8(Ld � Lq)2 ji�s j

2

� 4(Ld � Lq)
; i�q =

q
ji�s j

2 � i�d
2:

(22)
At this point, the completely model-free predictive current

controller for PMSMs can be achieved based on the proposed
method. The block diagram of the proposed control strategy
is shown in Fig. 3.
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Fig. 3: Proposed control strategy for PMSMs.

Fig. 4: The bench of the PMSM.

TABLE II: Parameters of the PMSM System

Description Parameter Value Units

Rated speed n � ( ! � ) 1500 (157) rpm (rad/s)

q-axis stator inductance L q 14.14 mH

d-axis stator inductance L d 9.32 mH

Flux linkage  f 0.498 Wb

Moment of inertia I 70 kg�cm2

Stator resistance R s 0.35 


Viscous friction coef�cient B 0.08 -

Number of pole pairs pn 4 -

Rated torque Tn 70 Nm

Rated current I n 22 A

V. SIMULATION AND EXPERIMENTAL RESULTS

In this section, we initially present simulation results uti-
lizing ESC to ascertain optimal control gains. Then, several
experiments are carried out based on the proposed control
strategy on a real experimental platforms as shown in Fig. 4,
which employs two PMSMs as test machine and load ma-
chine, respectively. The control strategies are executed on a
dSPACE 1202 platform. The parameters of the experimental
platform are shown in Table II. Additionally, the abbreviations
super-twisting sliding mode observer (STSMO), �xed-time
convergence sliding mode observer (FTSMO), and model-free
predictive current control (MFPCC) are used throughout this
section.

Fig. 5: Current responses under different initial ultra-local
control gains: (a)� j 0 = 1 :4 1

L j
, (b) � j 0 = 1 :2 1

L j
, (c)

� j 0 = 0:8
L j

, (d) � j 0 = 1 :4 1
L j

, where (a)-(c) with �xed
disturbance amplitude ESC, and (d) with adaptive ESC.

Fig. 6: � j responses under different initial ultra-local control
gains: (a)� j 0 = 1 :4 1

L j
, (b) � j 0 = 1 :2 1

L j
, (c) � j 0 = 0:8

L j
, (d)

� j 0 = 1 :4 1
L j

, where (a)-(c) with �xed disturbance amplitude
ESC, and (d) with adaptive ESC.

A. Simulation Results Utilizing ESC

In the simulation, the settings are consistent with those de-
scribed in Section III-D. Fig. 5 illustrates the current responses
under varying initial ultra-local control gains employing two
types of ESC. Speci�cally, Fig. 5(a) - Fig. 5(c) depict the
results utilizing �xed disturbance amplitude ESC witha = 5 ,
while Fig. 5(d) depicts the outcomes employing adaptive ESC
with initial a0 = 15. Additionally, Fig. 6 depicts the corre-
sponding waveform for online adjustment of control gains.

Upon comparison with the results depicted in Fig. 1, it
is evident that the integration of ESC facilitates successful
tracking of reference currents through online adjustment of the
gains � j 0. Moreover, it is notable that adaptive ESC offers
reliable and fast optimization while concurrently reducing
current �uctuations.
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TABLE III: Parameters of Different Observers

Observers LESO STSMO FTSMO

Parameters
� q = 1000 , � q = 4000 � q = 100 , � q = 1200 � q1 = 265 , � q2 = 40 , � q1 = 3000 , � q2 = 450

� d = 1200 , � d = 7200 � d = 106 , � d = 560 � d 1 = 280 , � d 2 = 40 , � d 1 = 1500 , � d 2 = 210

Fig. 7: Current responses during startup using different ob-
servers: (a) Traditional mechanistic model-based MPC, (b)
LESO-based MFPCC, (c) STSMO-based MFPCC, and (d)
FTSMO-based MFPCC.

Fig. 8: Current errors during startup using different observers:
(a) Errors inq-axis current, and (b) Errors ind-axis current.

B. Experimental Analysis of FTSMO-Based MFPCC

In the �rst set of experiments aimed at showcasing the ef�-
cacy of the proposed approach, both experimental results using
a traditional mechanistic model-based predictive controller
and an FTSMO-based MFPCC are included. Additionally,
to further underscore the superiority of the FTSMO, two
alternative observers, namely LESO [18] and STSMO [20],
are also compared under the test bench.

Fig. 7 - Fig. 9 depict the current responses, current tracking
errors, and estimated offset terms during startup using different
methods, respectively. It is evident that the traditional mech-
anistic model-based predictive controller exhibits substantial
current tracking errors due to inherent system model discrep-
ancies. All observer-based methods with ESC successfully
bring the current tracking error to zero. Notably, both FTSMO-
based MFPCC and STSMO-based MFPCC achieve quicker
convergence compared to LESO-based MFPCC. However,
STSMO-based MFPCC introduces more chattering due to
the utilization of discontinuous functions, as also depicted in

Fig. 9: Estimation ofFd andFq during startup using three dif-
ferent observers: (a) The estimatedFq, and (b) The estimated
Fd.

Fig. 10: Current responses during load changes: (a) Tradi-
tional mechanistic model-based MPC, and (b) FTSMO-based
MFPCC.

Fig. 11: Current errors during load changes: (a) Errors inq-
axis current, and (b) Errors ind-axis current.

Fig. 9. In contrast, the proposed controller attains swift and
seamless estimation of the offset term.

Fig. 10 - Fig. 12 illustrate the current responses, current
tracking errors, and estimated offset terms during load changes
employing traditional mechanistic model-based predictive con-
troller and FTSMO-based MFPC, respectively. The results
highlight the capability of the proposed method to achieve
rapid current tracking under both half-rated load and rated
load conditions.


