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ABSTRACT

The electrification of vehicles has emerged as a promising
solution to reduce pollutant emissions and dependence on
fossil fuels, aligning with global demands for sustainable
mobility. In this context, the development of innovative te-
chnologies for electric vehicles (EVs) is essential to enhance
efficiency, performance, and economic viability. One of the
critical aspects for the success of these vehicles is the control
of the electric motor drive system, which is an essential
part of the EV electrical propulsion structure. Therefore,
this work aims to model and simulate a Permanent Magnet
Synchronous Motor (PMSM) drive system considering the
vehicle dynamics. Additionally, the PMSM current control is
performed using a Finite Control Set Model Predictive Control
(FCS-MPC) which allows a faster and more robust motor
dynamic response. The validation of the motor drive system
with the FCS-MPC controller will be conducted through a
driving cycle, which will assess the ability of the proposed
electric propulsion system to reproduce the desired behavior
throughout the cycle accurately.

INTRODUCTION

The increasing concerns about pollution and climate
change have driven significant transformations in various
sectors of society. In the automotive industry, these changes
are aimed at revolutionizing both urban mobility and freight
transport, with a focus on reducing dependence on fossil fuels
[1], [2]. The increase in the concentration of greenhouse gases
in the atmosphere, resulting mainly from the burning of these
fuels, has led governments and international organizations to
set increasingly stringent decarbonization targets [3], [4].

In Brazil, the National Program for Green Mobility and
Innovation (Mover) aims to accelerate the transition to more
efficient and sustainable vehicles, fostering technological ad-
vancement in the automotive industry [5]. The initiative offers
tax incentives and supports research, development, and inno-
vation projects. Additionally, it promotes the strengthening of
the national production chain, the use of biofuels, and low-
emission technologies, directly contributing to the decarboni-
zation of the sector [5].

In this context, electric vehicles (EVs) have emerged as
one of the leading alternatives for the future of sustainable
mobility, as they enable the reduction of atmospheric pollutant
emissions and contribute to improved air quality in urban
centers [6]. These vehicles rely on a propulsion system
composed of electric motors and rechargeable batteries. When
properly designed and controlled, EVs can achieve high
energy efficiency, offer lower operational costs, and operate
with zero direct pollutant emissions [7].

Among the various types of electric motors used in
electromobility, including Brushless DC Motors, Induction
Motors and Synchronous Reluctance Motors [8]; Permanent
Magnet Synchronous Motors (PMSMs) stand out for their
high efficiency, high power density, and superior dynamic
response [9]. These characteristics make PMSMs particularly
attractive for automotive applications, where requirements
such as high torque, precise control, and energy efficiency
are essential.

Various control strategies can be employed in the ma-
nagement of electric propulsion systems, with the decision
of approach depending on the system’s complexity as well
as performance and robustness requirements. In the context
of EVs, several techniques have been extensively explored in
the literature, such as proportional-integral-derivative (PID)
controllers [10] [11], fuzzy logic control (FLC) [12] [13] ,
artificial neural networks (ANN) [14], and model predictive
control (MPC) [15], as shown in Tab. 1. Although PID control-
lers are simple and widely used, they exhibit limitations when
applied to nonlinear dynamic systems. On the other hand,
the FLC and the ANN offer better performance in nonlinear
systems and greater adaptability to varying operating conditi-
ons, although they require more effort for implementation and
training [16] [14]. MPC stands out due to its ability to handle
system constraints and predict the future behavior of the plant,
making it particularly attractive for applications demanding
high efficiency, dynamic response, and operational safety
[15]. Therefore, selecting an appropriate control technique
is essential for the development of more efficient, safe, and
reliable electrified propulsion systems.

Considering the demand for technologies that promote
vehicle electrification and the need for more efficient and
robust control strategies for electric propulsion systems, this
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Table 1. Literature review applied to EVs control strategies

Application

PID control for DC motors in electric vehicles with independent excitation and
constant field current. The controller tuning was performed using controlled invariant
set and multiparametric programming techniques, ensuring compliance with the
motor’s physical constraints, such as angular velocity limits and armature voltage
Speed control for electric motors in EVs using a nonlinear PID controller. The system
employs optimization techniques to automatically tune the controller, enhancing the
vehicle’s dynamic performance and reducing energy consumption.

FLC strategy for power distribution management in four-wheel independent drive
electric vehicles. The FLC parameter tuning is performed using multi-objective
optimization techniques based on a particle swarm optimization algorithm.

Power distribution control system for a hybrid energy storage system composed
of batteries and ultracapacitors. The control strategy implements fuzzy logic,
with parameters optimized through multi-objective genetic algorithm optimization

An ANN-based energy management control strategy is developed for electric
vehicle propulsion systems. The ANN training is performed using genetic algorithm

Energy management strategy based on MPC for electrified bus propulsion systems.
The controller determines optimal power distribution with enhanced predictive

Control Reference
Dantas et al. [10]
PID
Shamseldin [11]
Miranda et al. [12]
FLC
Eckert et al. [13]
techniques
ANN Silva [14]
optimization techniques
MPC He et al. [15]

accuracy and optimized speed sequences by integrating vehicle-to-vehicle and
vehicle-to-infrastructure communication data.

work aims to develop, model, and simulate a drive system
based on a PMSM, taking into account vehicle dynamics. The
proposed approach includes the implementation of a Finite
Control Set Model Predictive Control (FCS-MPC) strategy
for motor current control, aiming to enhance the dynamic
response and overall performance of the traction system. Vali-
dation is carried out through the application of a driving cycle,
allowing the assessment of the proposed system’s ability to
accurately reproduce the desired behavior during operation.

ELECTRIC VEHICLE MODEL

The electric vehicle configuration considered in this study
is illustrated in Figure 1. The vehicle is powered by a PMSM,
which is coupled to a differential that transmits torque to the
drive wheels.

In order to understand the longitudinal behavior of a
vehicle in motion, it is essential to identify and quantify the
forces acting along the direction of travel, as presented in
Fig. 2. In general, two main groups of forces influence the
vehicle’s movement: the traction force Fi. [N], generated by
the powertrain to propel the vehicle, and the resistive forces
Ryes [N], which oppose its motion [17]. By applying Newton’s
Second Law to the longitudinal dynamics of the vehicle, the
net force is equal to the product of the vehicle’s mass m [kg]
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Figura 1. The electric vehicle configuration

and its longitudinal acceleration a, [m/s?], as expressed in
Eq. 1.

Fy — Ries = may (1

The total resistance to vehicle motion consists mainly
of three components: aerodynamic drag R, [N], rolling
resistance Ry [N], and the resistance due to road gradient
R, [N] (Fig. 2). Therefore, the overall resistive force acting
on the vehicle can be described by Eq. 2 [18].

Rres = Raero + Rrr + Rri (2)
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Figura 2. Forces acting on the vehicle

The resistance associated with the road gradient corres-
ponds to the component of the vehicle’s weight projected
along the direction of movement. This force is proportional
to the sine of the road slope angle ¢ [°], as shown in Eq. 3. In
situations where the road descends (@ < 0), this component
acts in favor of the motion, thereby enhancing the vehicle’s
acceleration [17].

R = mgsin(6) 3)

Aerodynamic resistance is associated with the drag gene-
rated by air flowing around the vehicle’s body. Its magnitude
depends on the air density p [kg/m3], the vehicle’s drag
coefficient Cy, its frontal area Ay [m?], and the longitudinal
velocity V,, [m/s], as indicated in Eq. 4 [19].

1
Raero = 5 PAf Cd V3;2 (4)

Rolling resistance results from the deformation of the
tires over the road surface during movement. This force is
proportional to the vehicle’s weight and is influenced by the
inclination of the road, as defined in Eq. 5 [18].

R, = fimg cos(9) (5)

The rolling resistance coefficient f; depends on several
factors, including tire construction and condition, inflation
pressure, pavement type, and surface characteristics. Among
these, vehicle speed is the parameter with the greatest in-
fluence on rolling resistance. Hence, the rolling resistance
coefficient can be expressed as a linear function of velocity,
consisting of a constant term fj and a velocity-dependent term
f1, as represented in Eq. 6 [18].

fr:f0+flvz (6)

From the vehicle’s current speed V,, [m/s], the target speed
V4 [m/s], and a predefined time interval dt [s] to reach that
speed, it is possible to estimate the required acceleration dreq
[m/s?], as shown in Eq. 7.

LUl - [w
= - = 7
Greq dt @)
The required wheel torque T, q [Nm] to achieve this

acceleration can be obtained from Eq. 1, and is expressed in
Eq. 8.

Tw,req =Tp (mareq + Raero + B + Rri) (8)

On the other hand, the torque at the wheel T;, [Nm]
can also be expressed as a function of the electric motor
torque Tye [Nm], taking into account the motor inertia
Ive [kgm?], the differential gear ratio N4, the differential
inertia I; [kg-m?], and the equivalent inertia of the wheel-tire
assembly I, [kg-m?], as shown in Eq. 9 [19].

T = TveNa — (e + L)NG + 1) == (9)
P

The transmitted wheel torque must not exceed the ma-
ximum transmissible torque Ti,,x [Nm], which represents the
adhesion limit between the tire contact patch and the road
surface. This maximum torque can be estimated by Eq. 10,
as a function of the tire’s dynamic radius 7, [m], the vertical

load F, [N] on the tire, and the friction coefficient p [17].

Thax = MFzrp (10)

During acceleration and braking moments, there is a lon-
gitudinal load transfer between the vehicle’s axles. According
to Genta [17], this load transfer AF’, can be estimated based
on the longitudinal acceleration a, [m/s?], the vehicle mass
m [kg], the wheelbase [ [m], the road inclination angle 6 [°],
and the height of the center of gravity h¢, [m], as shown in
Eq. 11.

Mhcg
21

Consequently, the normal loads on the front axle F), 4 [N]
and the rear axle F, ; [N] can be calculated by considering
the longitudinal position of the center of gravity z., [m] and
the load transfer. The normal forces on each axle are given
by Eqgs. 12 and 13.

AF, = (az + gsin(6)) (11)

l— C
F,;=mg 005(9)¥ — AF, (12)

F,, =mg cos(e)% + AF, (13)

Finally, all relevant vehicle parameters are summarized in
Tab. 2 [17].
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Table 2. Simulated vehicle parameters [17].

Parameter Value
Total vehicle mass (m) 980 kg
Wheelbase 0 2.6 m
Gravity center height (heg) 0.545 m
The longitudinal position of the CG  (xg) 1.400 m
Vehicle frontal area (Ap) 2.18 m?
Drag coefficient (Cy) 0.32

Linear coefficient of rolling resistance (fp) 0.0100
Angular coefficient of rolling resistance (f1) 0.0002
Tire peak friction coefficient () 0.9
Dynamic tire radius (rp) 0.307 m
Wheel inertia (I,) 0.860 kgm?
Diferential inertia (I,) 0.135 kgm?
Differential gear ratio 1) 5

DRIVING CYCLE

To develop and evaluate the performance of the control
strategy applied to the vehicle’s electrified drivetrain, standar-
dized driving cycles were employed. These driving cycles are
essential as they allow for the consistent execution of tests
and experiments across different vehicles, enabling a more
reliable comparison of results.

The standard driving cycles selected to support the deve-
lopment of the FCS-MPC control approach are the FTP-75
and HWFET cycles. The FTP-75 cycle, shown in Figure 3,
is designed to represent urban driving conditions. In Brazil,
it is the primary cycle used for vehicle emissions testing and
is described in the NBR 6601 standard.

The HWFET cycle, presented in Figure 4, on the other
hand, was developed to characterize highway driving conditi-
ons and is defined in the NBR 7024 standard. Therefore, the
test cycle used in this study is a combination of both FTP-75
and HWFET, ensuring that the control strategy addresses both
urban and highway driving scenarios.
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Figura 3. FTP-75 driving cycles
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Figura 4. HWFET driving cycles

ELECTRIC MOTOR MODEL

The electric machine selected to generate mechanical
power and drive the vehicle is a Permanent Magnet Syn-
chronous Motor (PMSM), model EMRAX 208 [20]. In the
rotor reference frame (qd frame), the differential equations
that describe the dynamics of PMSM are described by (15)-
(16), where: Ly and L, are g-axis and d-axis inductances;
R is stator windings resistances; iq4,iq are g-axis and d-axis
currents; v, and vg are g-axis and d-axis voltages; wy, is the
rotor angular velocity; A is the amplitude of the magnetic flux
induced by the permanent magnets of the rotor in the stator
phases; p is the number of pole pairs and 7T is eletromagnetic
torque.

dig 1 R L, .
P g — g+ Zpn, 14
i = I Ldld+ 7, Pomia (14)
dig 1 R.  La . Apwpm
M S — i+ iy — 15
dt L . L, " Lqu UL (4
T, = 1.5p (Xig 4+ (Lg — Ly)iaiy) (16)

The motor’s dynamic behavior is characterized based on
the machine electrical parameters, which are given by the
manufacturer and shown in Table 3.

Table 3. PMSM Model Parameters

Parameter Value

Number of phases 3

Back EMF waveform  Sinusoidal
Rotor type Salient-pole
Stator resistance R, 0.0071 Q

Inductances Ly, L,
Torque constant k
Rotor Inertia (J)
Viscous damping (F’)
Pole pairs p

Static friction T’

96.5 uH, 96.5 uH
0.43134 (Nm / Apy)
0.02521 kg.m?
0.00281 N.m.s

10

0 N.m
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FINITE CONTROL SET MODEL PREDICTIVE
CONTROL

Initially developed in the 1970s by [21], the predictive
control model consists of a set of discrete control techniques
that employ optimization algorithms to select the control
action based on prediction of the system’s behavior. Accor-
ding to [22], the main elements of MPC control are: a) a
mathematical model of the plant to be controlled, through a
difference equation; b) the resolution of an optimal control
problem, through the evaluation of a set of possible control
actions, by defining a cost function that encompasses the
actions and control objectives; c) a receding horizon policy,
in which only the ideal control action, that is, the one
presenting the smallest value of the cost function, is applied
to the plant at each sampling instant. Due to the discrete
nature of power converters, the optimization problem can be
simplified, as there are a finite number of possible control
actions to be implemented. Thus, the control action with the
lowest cost is chosen and applied to the converter. Such is
the basic functioning of the FCS-MPC (Finite Control Set
MPC) technique or Model Predictive Control based on finite
state sets. The FCS-MPC control strategy can handle multiple
variables, disturbances, and control constraints, in addition to
incorporating any characteristic that can be mathematically
modeled in the cost function. This highlights the potential of
this approach to overcome the challenges faced by traditional
inverter control techniques.

The operating principle of the FCS-MPC technique can
be understood through the example depicted in Fig. 6, where
the control variable yg, at the instant of sample time t;, can
be controlled through four different control actions (51, jo,
js and j4), to achieve the best match between yi4; and the
reference value y* at time ¢;1. In the case illustrated in Fig.
6, for t;41 the control action j3 would be chosen, since it
presents the lowest error between the predicted value of yy
and y*, i.e., it has the lowest cost. This process repeats for

the next samples so that the reference tracking is satisfactorily
accomplished.

y(t s

P>

Y

b bt beto
Figura 6. FCS-MPC control strategy example.

PROPOSED CONTROL STRATEGY

Figure 5 illustrates a control arrangement for an electric
propulsion system that uses PMSM and FCS-MPC control.
As can be seen, the reference speed of the PMSM shaft w*
is defined from a driving cycle. The difference between w*
and the instantaneous speed of the PMSM, defined by w, is
processed by a PI controller that defines the peak value I
of the three-phase currents 4 (¢), 4f(¢), ¢X(¢), which must
be synthesized by the inverter and supplied to the PMSM,
with the aim of matching w* and w. These reference currents
are obtained from reading the electrical angular displacement
0. (t) of the PMSM. Thus, after a reference change using the
Clarke transform (abc-af3), for both the reference currents
and the currents measured at the motor terminals, the FCS-
MPC controller adjusts the driving condition of the transistors
S1-Se of the inverter bridge through the drive signals g;-
ge- Subsequently, the inverter will convert the format of the

©
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Figura 5. Proposed FCS-MPC control strategy for the PMSM drive.
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electric energy available from the battery to the PMSM to
meet the speed tracking control objectives.

RESULTS

Figure 7 presents the simulation results of the FCS-
MPC controller applied to the PMSM drive system. Figure
7a shows the motor speed response under control compared
to the reference profile. The solid blue line represents the
reference speed, while the black dashed line indicates the
response of the controlled system. It is observed that the
controller accurately tracks the reference ramp, with nearly
overlapping trajectories, demonstrating the effectiveness of
the FCS-MPC in following the desired speed profile. Figure
7b presents the torque generated by the PMSM throughout
the simulation. The torque adjusts effectively to accurately
reproduce the desired speed trajectory, reaching a peak of
66.74 Nm. Additionally, a saturation behavior is observed near
1.1 s, where the torque decreases to maintain a constant speed,
which is consistent with the system’s stabilization phase.
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Figura 7. Simulation of the FCS-MPC applied to the PMSM

Figure 8 shows the results of the FTP-75 driving cycle
simulation, which is representative of typical urban traffic
conditions. The solid blue line indicates the reference speed

from the standard cycle, while the black dashed line represents
the speed achieved by the vehicle controlled by the FCS-MPC
strategy. It is observed that the trajectory of the controlled
system consistently follows the reference throughout the entire
cycle, demonstrating the controller’s ability to accurately
track the desired driving profile. The tracking performance is
quantified by the root mean square (RMS) error, which was
0.0659 km/h, indicating a low deviation between the signals.
Furthermore, the correlation coefficient between the curves
reached 0.9998, highlighting the controller’s effectiveness in
replicating the reference cycle. These results confirm the
FCS-MPC strategy as an effective approach for reproducing
complex dynamic profiles typical of electric vehicle operation
in urban environments.
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Figura 8. FCS-MPC simulation in FTP-75.

Figure 9 provides a detailed view of the speed signals
presented in Fig. 8, focusing on the time interval between
162 s and 167 s. A slight deviation is observed between the
reference speed and the vehicle’s actual speed at the motor
startup moment, reflecting the initial transition from inertia to
motion. Despite this minor discrepancy, the response of the
FCS-MPC controller quickly converges to the desired profile.
This behavior highlights the control strategy’s ability to handle
rapid dynamic variations while maintaining performance even
under transient conditions.

Figure 10 presents the results of the HWFET driving
cycle simulation, commonly used to represent highway and
non-urban traffic conditions. The solid blue line represents
the reference speed from the standard cycle, while the black
dashed line indicates the speed achieved by the vehicle con-
trolled by the FCS-MPC strategy. It is observed that, although
the HWFET cycle involves smoother accelerations and higher
average speeds, the controlled system is able to accurately
track the desired trajectory throughout the cycle. The RMS
error was 0.0379 km/h, indicating solid control performance
even under high-speed conditions. Additionally, the correla-
tion coefficient between the speed profiles was 0.9999, further
confirming the ability of the FCS-MPC to faithfully reproduce
the reference cycle. These results demonstrate the robustness
and versatility of the proposed control strategy, even under
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Figura 10. FCS-MPC simulation in HWFET

operational conditions distinct from those typical of urban
environments.

CONCLUSION

Based on the work carried out, this study successfully
achieved its proposed objectives by modeling and simulating
a drive system based PMSM, taking into account vehicle
dynamics. The implementation of the FCS-MPC strategy for
motor current control proved to be effective, delivering a fast
and robust dynamic response for the traction system. Valida-
tion through standard driving cycles allowed for performance
evaluation of the proposed system, confirming its ability to
accurately reproduce the desired speed profiles throughout
operation. The FCS-MPC-controlled system achieved a root
mean square (RMS) error of 0.0659 km/h for the FTP-75 cycle
and 0.0379 km/h for the HWFET cycle, demonstrating its
ability to accurately follow the desired speed profiles. These
results highlight the potential of FCS-MPC as a promising
control strategy for electric vehicle propulsion systems, contri-
buting to the development of more efficient, reliable solutions
aligned with the challenges of sustainable mobility.
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