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Abstract— This paper presents a simulation-based
comparative analysis of Modulated Model Predictive Control
(M?PC) strategies under parameter variations in induction
motors. Two control schemes are evaluated: one using fixed
(nominal) parameters and another integrating an Unscented
Kalman Filter (UKF) for online estimation of magnetizing
inductance (Lm) and rotor resistance (Rr). Results have shown
that parameter mismatch significantly affects electromagnetic
torque production, flux regulation, and power quality, leading
to performance degradation. The UKF-based controller
effectively compensates for these deviations, maintaining
accurate torque and flux control. These findings are
particularly relevant for electric vehicle applications, where
direct torque control is essential. In such systems, unaccounted
parameter variations can lead to torque deficits and loss of
drive accuracy. The study demonstrates that integrating UKF
into model-based control enhances system robustness,
efficiency, and torque delivery under dynamic conditions.

Keywords—Induction machine, modulated model predictive
control, torque production, Unscented Kalman filter, parameter
estimation

I.  INTRODUCTION

The foundations of high-performance speed and torque
control systems for IMs were established with the introduction
of Field Oriented Control (FOC) in 1972 and Direct Torque
Control (DTC) in 1986 [1], [2]. Both techniques enabled
decoupled control of the torque and flux-producing
components of the machine [3]. However, these methods are
based on linear control theory and were developed when
microcontroller technology was not as widely available or
advanced as today. Over the past three decades,
microcontroller technology has experienced significant
advancements. As a result, interest in nonlinear control
strategies has grown considerably, particularly over the last 15
years. Among these nonlinear methods, Model Predictive
Control (MPC) was initially adopted in the petrochemical
industry due to the long sampling times, but its application in
power electronics and machine control has expanded rapidly
since the early 2000s, driven by the continuous development
of microcontroller capabilities [4].

Model Predictive Control (MPC) is a general control
framework that encompasses various control strategies.
Among these, Finite Control Set Model Predictive Control
(FCS-MPC) has gained particular popularity in the literature
compared to other MPC approaches [5], [6]. FCS-MPC
predicts system state variables for all possible control inputs
using the system's discrete-time model. These predicted states
are evaluated via a cost function, along with their references,
to determine the optimal control action [7]. FCS-MPC has
gained popularity in power electronics and electric machine
control applications in recent years due to its ease of
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implementation, single-loop structure, and suitability for
multivariable systems [8]-[10]. Additionally, it offers a fast
dynamic response and enables direct incorporation of
nonlinearities and system constraints (e.g., voltage and current
limits) into the control design through the mathematical model
[11], [12]. However, the absence of a modulator in FCS-MPC
causes the same voltage vector to be applied over consecutive
cycles, leading to variable switching frequency [13]. At low
switching frequencies, this results in increased phase current
total harmonic distortion (THD) and torque ripple, degrading
steady-state performance [14]. Reducing the sampling period
can address these issues but increases the computational
burden. As an alternative, the M?PC technique introduces a
modulation block into FCS-MPC, selecting an optimal sector
and corresponding duty cycles rather than a direct voltage
vector [15], [16]. These duty cycles are then converted into
switching signals via standard modulation methods. Recent
studies confirm that M?PC achieves fixed switching
frequency, reduced THD, and improved torque quality
without additional computational cost [17]-[19]. Both FCS-
MPC and M?PC rely on the discrete-time mathematical model
of the machine’s dq- axis currents, where the accuracy of
machine parameters strongly influences the overall control
performance [20], [21]. IM model includes significant
electrical parameters such as stator and rotor resistances and
inductances, and it exhibits strong cross-coupling
characteristics. These parameters vary nonlinearly with
temperature, magnetic saturation, skin effect, and the
machine’s operating region [22], [23]. Typically, resistances
change in the constant torque region, whereas inductances
vary in the constant power region. Neglecting these variations
and using fixed nominal values in the control loop leads to
inaccurate reference calculations, poor torque control, and
reduced efficiency [24]. Therefore, integrating parameter
estimation techniques into the control framework is essential
for maintaining performance under varying conditions.

In the literature, several observer-based online parameter
estimation methods have been applied to IMs, including
MRAS, Kalman Filter (KF)-based techniques such as EKF
and UKF, and observer designs like sliding mode observer
(SMO) and Luenberger Observer [25]-[31]. MRAS-based
studies primarily investigate the impact of rotor time constant
on control performance [25], [26], with parameter estimation
relying on mathematical models of physical quantities such as
reactive and active power, making MRAS inherently model-
dependent. Among KF-based methods, EKF is more widely
adopted, focusing on estimating rotor speed and load torque
and their influence on control performance [27], [29]-[31].
EKF extends classical KF to mildly nonlinear systems through
recursive linearization via Jacobian matrices, but its reliance
on first-order Taylor expansion can limit accuracy in highly
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nonlinear models [31]. To address this, Julier and Uhlmann
[32] proposed the Unscented Transform (UT), which
propagates sigma points through nonlinear dynamics to
compute posterior statistics without explicit derivatives [33].
Based on this principle, UKF was introduced as a more robust
and derivative-free alternative for nonlinear estimation [34].
Given the nonlinear nature of IMs, the UKF is selected in this
study for accurate and adaptive parameter identification.
Despite extensive studies, the direct impact of magnetizing
inductance and rotor resistance variations on control
performance has not been explicitly examined. Moreover,
instead of adopting M?PC structures, prior works such as [25],
[28], [29] have predominantly focused on Model Predictive
Torque Control (MPTC) within the general MPC framework.
To address this gap, this study compares the dynamic and
steady-state responses of two M?PC-based controllers—one
using fixed (nominal) parameters and the other integrating
UKF for online estimation—under variations in Ly and R..
The performance comparison highlights the adverse effects of
parameter deviations, such as inaccurate dg-axis current and
voltage tracking, reduced torque capability, increased reactive
power, and decreased power factor. By estimating Lm and Rr
with errors below 10%, the UKF-based approach mitigates
these issues effectively. The paper is organized as follows:
Section I reviews control and estimation strategies; Section II
presents the control system model; Section III details the UKF
formulation; and Section IV provides and discusses simulation
results.
II. MATHEMATICAL MODEL OF THE CONTROL
SYSTEM

A. Voltage-source inverter model

This section presents the mathematical formulation of the
overall control system, which includes the voltage source
inverter (VSI), IM, and M?PC structure. The system employs
a three-phase two-level VSI as the power converter, whose
topology is illustrated in Fig. 1. The inverter is assumed to be
ideal and operates under balanced load conditions. The phase-
to-neutral voltages corresponding to phases A, B, and C are
defined in equation (1) [35].

VAn VDC 2 -1 -1 Sl
VBn =—|-1 2 -1 53 (1)
Ven -1 -1 2115

where switch position S; € {0,1}.

814%3 SJ_EI} SS_E}

o) ;

]
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Fig. 1. A voltage-source inverter connected to IM

B. Dynamic model of IM and M?PC
The three-phase stator currents are transformed into dq-
axis currents using the Park transformation, as shown in (2)-

(3) [36].
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where Vg4, Vg4 are d-q axis stator voltages, isq, isqare dg- axis
currets, Y,q,Prq are d-q axis rotor fluxes, Lg, Ly, Ly, are
stator, rotor, and mutual inductances, respectively, 7, =
L./R, is rotor time constant, ¢ = (L.L; — L2)/L,Ls is
leakage constant, w, is synchronous angular speed, w, = Pwp,
is electrical angular speed where P is the machine pole pair
number, and w,, is mechanical angular speed. Similarly, the
three-phase rotor flux components are also transformed into
the dg- reference frame using the same transformation, and are
expressed in (4)-(5). The electromagnetic torque equation of
the machine is given in (6).

dlprd — L_m . lprd

dt T, lsqg — T, + (wg - we)¢rq (4)
Aprg L. Y
d;’q =;qu _Tqu_(wg _we)lprd (5)
3PL
T, = 7L_m (lprdisq - quisd) (6)
T

Rotor flux orientation is applied to the machine, which
results in the g- axis rotor flux, 1,4, and its derivative,
dyrq/dt, being zero under the steady-state condition.
Consequently, the slip value of the machine can be estimated
as defined in (7) [36].

_ L 7)
T‘rlprd fsa (

With rotor flux orientation, the d- axis stator current
becomes directly proportional to the d- axis rotor flux (i.e.,
reference flux), as given in (8). Moreover, since the g- axis
rotor flux is 0, the electromagnetic torque equation in (6)
simplifies to a more tractable form, as shown in equation (9)
where K, = 3PL,,,.q/2L, is the torque constant, which
allows torque control via the g- axis stator current.

=52 ®)
T, = Kiisq ©)

To implement the M?PC technique, the continuous-time
dq- axis stator current and rotor flux equations given in (2)—
(5) are discretized using the Forward Euler Method (FEM).
The resulting discrete-time formulations are presented in

(10)~(13).
ig(k+1) = <1
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The relationship between the rotor’s electrical angle and
machine’s wy is expressed in (14). By applying the FEM with
a one-step backward shift, the discrete-time form of the
electrical angle is obtained, as shown in (15) [36].

dé,
e, (14)
Oe(k) = 6. (k — 1) + Ty (k — 1) (15)

where 6, is the electrical angle of the machine. The block
diagram of the designed control system is presented in Fig. 5.
As illustrated in Fig. 5, the d-axis reference current is
computed using (8). The g- axis reference current is obtained
by dividing the electromagnetic torque generated by the outer
loop controller by K, as given in (9). Using the measured dq-
axis currents, machine parameters, and (1), the voltage vectors
corresponding to the eight switching states are substituted into
(10)-(11) to predict eight possible current values. Each
predicted current is then evaluated using the cost function
defined in (16), by comparing it with the corresponding
reference value.
G = (Id,‘ref = Iy(k + 1))2 + (Iq,ref - Iq(k + 1))2 (16)
Unlike the conventional FCS-MPC approach, the
switching vector associated with the minimum cost is not
directly applied to the inverter. Instead, the sector
corresponding to that vector is selected as the optimal sector.
Subsequently, the duty cycles for the selected sector are
computed using (17)—(19) [37].

d. = Ts(Gdlch - GdZqu)

: : a7)
dl — TS(GdZquD_ GdOGqZ) (18)
dz — TS(GdOquD_ GdIqu) (19)

Here, d; denotes the duty cycles of the active and zero vectors
for j=0,1,2 and Gg4;, G4; represent the corresponding current
errors. The variable D is defined in (20). In this study, Space
Vector Pulse Width Modulation (SVPWM) is selected as the
modulation technique. Accordingly, the calculated duty cycles
are applied to the SVPWM block, which generates the
corresponding switching signals to control the inverter.

D = GgoGg1 — Ga1Gqo — GaoGgz + GazGqo + Ga1Gg2
- GdZqu

III. UNSCENTED KALMAN FILTER

In order to implement the UKF, the discrete-time control
system must be represented in a state-space form, as described
in (21). In this study, a sixth-order model of the induction
motor is employed, where the state vector x;, is defined based
on the input vector x = [igg(k), isq(k), Yra(k), Prq (k), Ly (k), R,(K)]

(20)

and includes both states and parameters to be estimated. y, is
the output matrix, which consists of y = [isd, isq] LIt s
assumed that the machine parameters L,,, and R, within the
state vector x;, vary slowly over time. Therefore, their time
derivatives dL,,/dt and dR,./dt are considered to be 0.
Xpepr = f (e, W) + wye
= A(xk)xk + Buk + Wi
Yie = h(q) + vy
= H X k + vk

A. Mathematical model of UKF

The UT is a nonlinear mapping technique used for
accurately propagating the mean and covariance of a random
variable through a nonlinear function. In the context of the
UKF, the UT enables the application of Kalman filtering
principles to nonlinear systems by avoiding linearization and
instead using a deterministic sampling approach. Let x;, € R"
be a random variable with a known mean X, and covariance
P,, and let the nonlinear transformation be given by y, =
f(x,), as expressed in (21). To approximate the statistical
properties of y,, a set of 2n+1 sigma points is generated,
forming the matrix y. These points are computed using the
square root of the state covariance matrix, typically obtained
via Cholesky decomposition [31], and scaled according to a
parameter y defined in (22)-(23).

e2))

y=VaFa (22)
A=a?(n+x)—n (23)

where a, 3, i are tuning parameters that control the spread and
weighting of the sigma points. The weights for the mean and
covariance are assigned as in (24)-(26).

W™ = 1/(n +2) (24)
WO =/ +D)+1—a?+p (25)
w™ =w® =1/(2(n+1),i=1,..2n (26)

Using these definitions, the sigma point matrix is generated as
in (27):

Xe-1=[%7 Ga+vPe %1 —vy/R] 27
Each sigma point is then propagated through the nonlinear
system model f(+) as given in (28) to predict the next state.

Xije-1 = f (=1, Ug—1) (28)
The predicted state mean X, and covariance P, are then
calculated as weighted sums given in (29)-(30).
2n

%= ) W s (29)
i=0

2n
Py = Z Wi (i — %) (Kigepems — @_)T +Q (30)
=0

where @ is the process noise covariance matrix. These
calculations (22)-(30) are performed in the prediction step. To
perform the measurement update, the predicted sigma points
are passed through the measurement function A(+) in (31) to
obtain the prediction measurements.

Yikp-1 = hXike—1) (3D
The predicted measurement mean ¥, and innovation covariance
Ps & are then computed as given in (32)-(33).

YkVk
2n
7 = D W™ Vo (32)
=0
2n
- AT
Pgiyi = Z Wi(c) (Yikpe—1 = V6) YVike—1 — ¥&) +R (33)
=0
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The cross-covariance between the state and measurement is
calculated as in (34).

2n
e = Z Wi(c) (Hikpe—1 = %) (Yigepko1 — ﬁ)T (34
=0

Using the innovation covariance and cross-covariance, the
Kalman gain, updated state estimate, and updated covariance
are obtained as (35)-(37) [31].

-1

Ki = Pr5:(Pyisi) (35)
X =X + Kk — Yk ) (36)
P = Py — KyPyizi K¥ (37

This process is repeated at each sampling interval to
recursively estimate the machine states and parameters in real-
time using the UKF.

IV. SIMULATION RESULTS

The simulations of both M?PC-based controllers—one
using fixed machine parameters and the other incorporating
the UKF, as shown in Fig. 5—are performed in the
MATLAB/Simulink©  simulation  environment.  The
parameters of the simulated IM and the simulation
configuration are listed in Table I. The total simulation time is
set to t=35 s. The reference rotor speed is defined as
Wrer=1000 rpm (104.7198 rad/s), and the load torque is set to
T1=3 Nm. In the UKF-based controller, although the UKF is
active from the beginning of the simulation, nominal machine
parameters are used in the control algorithm until t=7.5 s.
After this time, the estimated values of L, and R; obtained
from the UKF are applied in the control loop. For both
controllers, R; and L., at the IM are kept at their nominal
values until t=10 s. After t=10 s, in order to emulate the effects
of temperature rise, R; is increased by 30% from its nominal
value using a ramp function over a duration of 5 seconds.
Subsequently, Lm is decreased by 30% from its nominal value
to represent the onset of magnetic saturation, using a 5-second
ramp function. The results obtained from this simulation

scenario are illustrated in Fig. 2-4 and Fig. 6-7.
Table 1. Simulation and machine parameters

Parameter Description Values
Vbe DC bus voltage 300V
P Number of pole pairs 2
Tesnom Nominal torque 7.5 Nm
Wmnom Nominal rotor speed 1500 rpm
Ly Nominal mutual inductance 442.3 mH
Lis Nominal stator leakage inductance 10.145 mH
Ly Nominal rotor leakage inductance 10.061 mH
R, Nominal stator resistance 3919Q
R, Nominal rotor resistance 49618 Q
T, Sampling time 100 ps
f, Switching frequency 10 kHz

As shown in Fig. 2, the UKF estimates L, and R, with high
accuracy, achieving an error margin below 10% even under
intentional parameter variations, such as temperature-induced
resistance changes and flux saturation effects. This validates
the effectiveness of the UKF in tracking time-varying
parameters in real-time. Fig. 3 illustrates that in the fixed-
parameter case, deviations between the electromagnetic
torque produced by the controller and the actual machine
torque occur during parameter shifts. These deviations lead to
a mismatch in rotor flux generation and affect the tracking
performance of the dq-axis stator currents and voltages as
given in Fig. 4 and Fig. 6. The observed torque tracking error
results in incorrect slip computation, causing the rotor flux
orientation to diverge from the desired field-oriented
direction. This misalignment reduces control accuracy,

degrades the power factor, and increases reactive power, as
shown in Fig. 7.
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In contrast, the UKF-enhanced control system adapts to
parameter variations effectively. As shown in Fig. 3(b), the
controller maintains accurate torque tracking throughout the
simulation. Fig. 4(b) and Fig. 6(b) confirm that the machine
operates with improved flux alignment and maintains more
accurate reference tracking for dg-axis currents and voltages.
Moreover, Fig. 7 shows that the machine retains better field
orientation and slip reference behavior under the UKF case.
This contributes to more efficient operation and enhanced
control robustness. From a power quality perspective, Fig. 7
highlights that the proposed UKF-based controller maintains
a higher power factor (~0.91) and reduces reactive power
generation by approximately 15 VAr compared to the fixed-
parameter case. This improvement in tracking accuracy and
power quality clearly demonstrates the robustness of the UKF-
based controller under parameter variations. Such
enhancements are particularly vital in electric vehicle
applications, where torque control dominates during non-
cruising modes. In the absence of real-time parameter
estimation, mismatches between control models and physical
machine behavior may lead to torque deficits, impairing
drivability and efficiency. The proposed strategy ensures that
the machine delivers the required torque accurately, even
under varying operating conditions.

V. CONCLUSION
In this study, the impact of parameter variations on the
performance of M2PC-based IM control was thoroughly
investigated. A comparative analysis between fixed-parameter
and UKF-supported adaptive controllers was performed using

detailed simulation scenarios. The results show that fixed-
parameter controllers suffer from poor torque and flux control,
leading to inaccurate dq- axis reference tracking, decreased
power factor, and increased reactive power. In contrast, the
UKF-based controller dynamically estimates L, and R, with
an error below 10%, enabling the system to maintain accurate
torque production and field orientation under varying
conditions. The adaptive controller also improves power
quality by reducing reactive power and sustaining a higher
power factor. These findings underscore the importance of
incorporating real-time parameter estimation techniques such
as UKF into predictive control frameworks—especially in
electric vehicle applications, where precise torque control is
critical outside cruising modes. The proposed strategy
enhances system efficiency, robustness, and control accuracy
in the presence of nonlinear and time-varying machine
characteristics.
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