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Abstract—Permanent Magnet Synchronous Motors (PMSM)
are widely employed in high-performance industrial applications
due to their high efficiency, high power density, and excellent
controllability. The overall performance of PMSM drive systems
is strongly influenced by the interaction between the control
strategy and the power electronic converter. This paper presents
a high-performance 84-pulse VSC integrated with an advanced
speed control strategy for precise PMSM speed regulation. The
proposed approach leverages the increased voltage resolution
of the 84-pulse topology to improve dynamic response, reduce
torque and voltage ripple, and enhance speed-tracking accuracy
under variable operating conditions. A detailed simulation-based
design of experiments (SBDoE) is conducted to evaluate the
interaction between the control scheme and different converter
topologies, including 36-pulse and 84-pulse configurations. The
simulation model incorporates the electrical and mechanical
dynamics of the PMSM, as well as the switching behavior
of the converter, providing a realistic assessment of system
performance under varying speed and load conditions. The
results demonstrate that, compared with conventional lower-
pulse converter topologies, the proposed configuration achieves
smoother electromechanical behavior, reduced harmonic
distortion, and improved tracking performance, making it well
suited for high-precision PMSM drive applications.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/10642

Index Terms—Permanent magnet synchronous motor, Speed
control, Power electronics, Multipulse converters.

I. INTRODUCTION

URRENTLY, permanent magnet synchronous motors
have an extensive range of applications. Their use is
continuously growing, from industry to service and security
tasks, mainly due to their operational versatility and the
accurate trajectory tracking [1]. The availability of rare earths
and the manufacture of motors in a wide range of power have
been converted into the most desirable rotational machine.
These characteristics have favored their use in applications
such as electric vehicles, robotics, and industrial automation,
where strict performance criteria are required. However, speed
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regulation of these motors faces significant challenges associ-
ated with their nonlinear dynamics, parameter uncertainties,
and the presence of disturbances in their operation, which
can degrade the effectiveness of the control approaches that
consider linear models and constant parameters [2], [3].

Additionally, most PMSM applications require a wide speed
regulation range under time-varying disturbances, as well as
compliance with physical current and voltage constraints,
which places stricter demands on controller performance [4],
[5]. In this context, current trends in PMSM speed control
incorporate robust fixed-time strategies, advanced predictive
control, and machine learning-based techniques, with the aim
of improving dynamic performance and control robustness
in the face of model uncertainties and real-time parameter
variations [2], [3].

In the field of predictive motor control (PMC), two ap-
proaches can be distinguished: model-accurate and model-free.
[6] and [7] propose improvements to predictive torque and flow
control, aiming to reduce computational load and ripple using
novel reference frames or vector modulation strategies. On the
other hand, [2] and [8] have developed model-free schemes
that employ extended state observers or local models, with
the goal of reducing dependence on precise motor parameters.
Furthermore, [1] integrates nonlinear thermal predictive con-
trol into the motor design phase using bayesian optimization
techniques.

In this case, PMC-based approaches stand out for their
ability to explicitly handle system operating constraints and
for their performance during fast transients. However, their
effectiveness is affected by their sensitivity to model mis-
matches. Although model-free approaches aim to mitigate
this dependence, they lose the ability to accurately predict
long-term physical conditions and depend critically on the
observer’s convergence speed, which can introduce phase
delays at different operating speeds [2].

Regarding robust nonlinear control, sliding mode control
(SMC) has evolved towards fixed-time convergence schemes
to ensure performance independent of initial conditions. In
[3] and [9], an adaptive fixed-time SMC combined with a
disturbance observer is presented, ensuring error convergence
under severe operating conditions. On the other hand, [10]
introduces sliding surfaces inspired by supercritical bifurcation
to mitigate chattering in the control signal caused by ideal
controller switching, which can excite unmodeled dynamics,
increase losses, and generate premature wear in actuators. Ad-
ditionally, [11] addresses robustness from a hardware-oriented
perspective, proposing an adaptive control scheme for low-
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resolution Hall sensors in electric vehicles.

Finally, learning- and optimization-based approaches seek to
incorporate real-time adaptation into the control scheme [12].
In [4], adaptive dynamic programming is employed, using a
critical neural network and an actor neural network to approxi-
mate the cost function and the optimal controller, respectively.
Meanwhile, in [13], radial basis function neural networks
are used to approximate unknown dynamics under current
constraints, while in [14] and [15], genetic algorithms and
linear matrix inequalities are applied for the optimal tuning of
fractional-order and passivity-based controllers, respectively.

However, each of these approaches has inherent advantages
and limitations, leading to trade-offs between robustness,
accuracy, adaptability, and computational complexity. Fixed-
time SMC strategies [3], [15] offer a high level of theoretical
robustness against disturbances and guarantee deterministic
convergence times, characteristics particularly relevant in ap-
plications with safety requirements. However, the mathemat-
ical complexity of their control laws and the need for high-
order observers increase the computational load and can hinder
their implementation on embedded platforms. Additionally,
mitigating high-frequency oscillations still depends on fine-
tuning gains, which is often heuristic [16].

Self-learning based approaches offer greater adaptability
to unmodeled dynamics and parametric variations, reducing
reliance on explicit models and exact parameters. However,
their practical application faces challenges related to ensuring
stability during online learning, offline computational effort,
and the additional computational load associated with contin-
uous real-time parameter updates [3], [13].

Despite significant advances reported in the literature, crit-
ical limitations persist that hinder the widespread adoption
of these advanced speed control strategies for PMSM. In
particular, a gap exists between fixed-time SMC schemes
and the actual physical constraints of the actuator, as most
proposals assume non-saturated control actions, whereas in
practical scenarios, inverter voltage and current saturation can
degrade the performance and stability of these proposals.
On the other hand, although self-learning based approaches
offer superior adaptability, their computational load remains
incompatible with high switching frequencies in conventional
embedded hardware.

In this context, it is necessary to develop control schemes
that integrate mathematical robustness, explicitly consider the
physical constraints of the devices, and guarantee computa-
tional efficiency compatible with modern industrial hardware.
It is very important to define the control strategy and the
implementation in the electronic driver, which must cover
complex behavior pattern of the load connected to the motor
and uncertainties unmodeled in design stage.

Due to the limitations identified in existing approaches, this
paper proposes an adaptive speed control strategy for PMSMs
that integrates model-based design with data-driven adaptation.
To clearly highlight the specific contributions of this work and
its differentiation from related studies, the main features of the
proposed methodology are summarized as follows:

The proposed adaptive speed control scheme:
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o combines model-based control design with an online
adaptive mechanism based on B-spline neural networks,
enabling improved robustness while preserving a struc-
tured analytical formulation;

« enhances dynamic performance and tracking accuracy un-
der varying speed and load torque conditions, as demon-
strated through a systematic simulation-based evaluation;

« reduces dependence on precise motor parameters and un-
modeled dynamics, allowing the controller to compensate
for uncertainties without requiring their explicit inclusion
during the initial design stage;

o maintains high performance even when the power elec-
tronic driver is not explicitly included in the control
design, highlighting robustness against converter-induced
effects;

e is validated in combination with multi-pulse converter
topologies (36- and 84-pulse VSCs), demonstrating its
applicability in high-performance PMSM drive systems
with improved power quality.

II. PMSM REPRESENTATION FOR SPEED CONTROL
PURPOSES

The direct-quadrature (dq) reference frame is preferred for
the speed control design purposes of PMSM. Under this
representation, it is possible to develop an adaptive 84-pulse
speed control drive using B-spline neural networks as proposed
in this research. The state space representation for the PMSM
used is given by Equation (1):
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The stator current and voltage in the direct or d axis are
represented as 74 and ug4, respectively; the stator current and
voltage in the quadrature or ¢ axis are represented as i,
and u,, respectively; the permanent magnet flux linkage is
denoted by \,,; w is the mechanical angular speed and 7y, is
the load torque. The motor parameters Ly and L, stand for
inductances on the d and g axes, respectively; R denotes the
stator resistance; J and b are the moment of inertia and the
viscous friction coefficient, respectively; and n,, is the number
of pole pairs.

From a practical perspective, the design process begins
considering the equilibrium points which represent possible
steady state conditions of the PMSM. The equilibrium points
in terms of the desired values for the output variables §; = @
and § = 14, as well as the equilibrium constant load torque
Tr,, are calculated from Equation (1) as Equation 2:
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III. DESIGN OF SPEED CONTROL FOR PMSM

This section is focused on the differential flatness property
of permanent magnet synchronous motors and using it to
develop an efficient speed regulation strategy.

A. Differential Flatness
The design for the control input u is set up so that:

y1=w—w", ya=1i9—0

In this case, it is assumed that the state variables are
available for feedback. Moreover, w* denotes the desired
speed reference. For control design purposes, the dynamics of
the electrical subsystem can be considered much faster than
the dynamics of the mechanical subsystem. Sufficiently fast
asymptotic convergence for yo = ¢4 — 0 is guaranteed by the
controller defined in Equation 3:

Ug = —ﬁdid — anpiqw (3)

where [ is a critical control parameter that must be optimally
tuned to achieve smooth rotor speed regulation and ensure
stability. Now, substituting u4, Equation (3), into the equation
for the dynamics of the current on the d-axis, (1),

d . Ry npLy. 1 . )
i = —L—dz quzqw + fd(—ﬁdzd — Lynpiqw) (4)
grouping common terms of Equation (4), results,
d 1
i =—— (R, ; 5
il I, (Rs + Ba) ia ®)

Therefore, by selecting 54 > — R, asymptotic convergence
is strictly guaranteed, lim;_ ., ig = 0. This can be demon-
strated using the Lyapunov function

1

Vq(z’d)=5i§ ©)
where
i ia) = ta iy = — (R + Ba)i < 0, ia£0 ()
g Valia) = taia = 7, a)ig <0, g

For this scenario, we can hence consider that the dynamics
of the controlled mechanical subsystem are given by
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Model (8) represents a differentially flat system with flat
output y; = w [17]. The differential parameterization is given
by
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Considering the effect of load torque on the system trajec-
tories, these equations, (9), are modified as follows,

w=1un
. 2J d n 2b . 2 (10)
T B Am dt T BnpAm T BupAm -
substituting ¢4, (10), in u4 of Equation (9) results,
— 2JL, d? . 2bL, 2J R i
T B A2 T \Bnph | 3npAm ) dt
. 20R, T i 2L, d n 2R,
ET W L K W AL T W
(11

Thus, the trajectories of the system variables in terms of the
reference trajectories y; = w™ are given by,
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Therefore, the perturbed dynamics of the flat output y; are

governed by,
232
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The dynamics of the speed tracking error, e, = w — w* =
y1 — Y7, is obtained from Equation (12) as follows,
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In this paper, the following controller can be then derived
for speed trajectory tracking y; = w*:
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where 3, and By, represent the control gains. This is a
critical stage in the proposed controller design, as the optimal
selection of these control gains is essential to guarantee the
asymptotic convergence of the motor speed control strategy.
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The closed-loop dynamics of the velocity tracking error is
given by,
2 d

+ (al,w + Bl,w)*

@ew dtew + (ao,w + ﬂO,w)ew =0 (16)
where
R, b bR,  3n2A7,
= —_— —_ = 1
aLw Lq + J» aO,w JLq QJLq ( 7)

Defining the following state variables: ey,,, = €, and e3,,, =
éw, the tracking error dynamics is formulated in state-space as

ie =e

dt lw — Q2w

d

%62,0.) = —(w+ Pow)erw — (a1 + frw)esw  (18)

Hence, selecting By, > —00,w, B1,w > —0,w, asymptotic
tracking of the speed reference w* is guaranteed:

lim e;, =0= lim y; =y] =w* (19)
t— o0 t—o0

Note that o, and o, depend on the correct values of the
motor parameters and consequently o ., and 3 .. However,
an important aspect to consider is ensuring that these values
are available. In this context, to mitigate the uncertainties
inherent in these parameters, an adaptive tuning strategy is
implemented, as detailed in subsection III-B.

Now, the asymptotic tracking of the speed reference can be
demonstrated from the LaSalle’s Theorem by considering the
Lyapunov function

1 1
Vo(erw, e2) = 5 (0w + Bow)el o, + §€§,w (20
where
d 2
an(el,waelw) - _(al,w + ﬂl,w)EQ,w S 0 (21)
In summary, the controllers are given by,
Uqg = — ﬁdid — anpiqw
2JL, d
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with
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The control parameters can be selected using the following
Hurwitz polynomials with pg, p, > 0:

Py(s) = s+ pa

23
P,(s) = (s +pu)* = s>+ 2p,s +p2 @3)

To compute these control parameters, the positive numerical
values of R, oo, and o, might be omitted resulting:
Ba = pa Pow = p% and fi., = 2p,. For this study,
a constant value of 20 to [; has been defined, and the
dynamic update task is extended in the subsection III-B for
B1,w> Bows 01, and og. In this work, it was decided to
leave [; constant to highlight that some gains can be left
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constant with approximate values and only some control gains
can be dynamically updated guaranteeing an adequate overall
performance of the VSC.

However, controllers (22) based on Lyapunov theory are
highly dependent on motor parameters; any changes to them
may degrade the controller’s behavior even with the possibility
of having a faulty performance. Thus, an efficient strategy is
necessary to include after the speed controller design stage
presented in this section. Moreover, at this moment no details
or model of the power electronics driver have been included,
which is extremely relevant to ensure the correct operation
of the PMSM in high demand and precision scenarios. In
the following sections, the incorporation of B-spline neural
networks and the 84-Pulse VSC for the proposed robust
adaptive PMSM control drive technology is discussed.

B. Improved Controller avoiding Parameter Dependency

In this article, it is presented an improved controller based
on B-spline neural networks. There are three main aspects
which can cover with a correct design of this new adaptive
controller approach: 1) to evade the high dependency on motor
parameters which change over time; 2) due that in the control
design stage no details of the power electronics driver have
been included it is necessary to reject the inherent uncertainties
to this irreplaceable component; 3) to cope with various
uncertainties and nonlinear variations in load torque or highly
demanded scenarios associated with the motor applications.

Fig. 1 illustrates the general architecture of the proposed
PMSM drive system. The permanent magnet synchronous
motor (PMSM) is supplied by a multipulse VSC, which
provides the required three-phase voltages for motor operation.
The gate signals of the converter are generated by a control
block that processes the measured electrical and mechanical
variables of the system. The three-phase stator currents are
measured and transformed into the synchronous dq reference
frame, enabling the implementation of the control strategy
in a decoupled form. In addition, a speed sensor is used
to monitor the rotor angular velocity, which is continuously
compared with the reference speed signal. The speed tracking
error is used as an input to an adaptive mechanism based
on gain adjustment, which dynamically updates the controller
parameters. These adaptive gains are then fed into the control
block, allowing the generation of appropriate control actions to
ensure accurate speed tracking and robust performance under
varying operating conditions. This integrated structure high-
lights the interaction between the multipulse power converter,
the PMSM, and the adaptive control scheme, forming a closed-
loop system capable of high-performance operation.

As can be seen in section III-A the performance of designed
controller depends on four constants 3y ., 81,0, ®0,w> O1,w-
Therefore, it is necessary to have available the specific values
of motor parameters which itself is a very hard issue. Further-
more, any parameter variation can degrade controller perfor-
mance and potentially lead to system malfunction. Finally, if
the system model contains unmodeled dynamics or omissions,
the accuracy results are not guaranteed. Thus, in this paper,
these four gains were initially determined by approximate
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Fig. 1. General system scheme of the proposed PMSM drive with multipulse converter and adaptive control.

parameters; it now becomes dynamic variables adaptive by
a B-spline neural structure Fig. 2.
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Fig. 2. Scheme for adjusting adaptive gains.

The architecture consists of three input variables: the speed
error, e, its time derivative, ¢, and the derivative of the
reference speed trajectory, w*. These inputs are selected
considering the control law developed in section III-A. The

output variables are the corresponding required gains, and

the activation functions are B-spline class to ensure smooth

functional approximation. Denoting the output of the basis

functions as a?, the controller gains are updated as follows,
gains = a'w (24)

In this case, were necessary 18 synaptic weighs to guarantee
control law convergence. This structure was optimized through
offline training under steady state operating conditions, using
the nominal motor parameters as a baseline for the initial
configuration.

The initial value of the weighing vector, w9, was deter-
mined, knowing the gain values for the steady-state condition
of the motor and the respective values of the inputs: the speed
error, its time derivative and, the derivative of the reference
speed trajectory. These last values are the inputs for the B-
spline basis functions, (24). With this procedure performed
offline, now it is necessary to define the scheme for updating
the synaptic weights (25). This real-time update law ensures
that the controller can compensate for dynamic uncertainties
and parameter variations during operation.

k41 k k
w1 w1 Awy
Wao Wo AWQ
. = . + . (25)
W18 Wis Awig
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In online operation, any change on the three inputs, Fig.
2, it is reflected in the output of the basis functions. Conse-
quently, the weight vector must be updated online to maintain
accurate control and adapt to these changes. To achieve this,
an instantaneous learning rule is used as presented in (26):

Awk _ Uef;(t) ak (t)
la* (£)]13
where k is the actual value; e, is the current speed error;
a(t) is the output of the basis functions and; 7 is the learning
rate determined as a previous step in the offline training.

These gains, (0., B1,ws ®0,w» 1,0, Update characteristics
result in a robust control scheme suitable for PMSM speed reg-
ulation. The controller effectively compensates for parametric
variations, unmodeled phenomena, load torque disturbances,
and operation across a wide speed range. In this specific case,
not including the VSC was intentional, as incorporating a
detailed converter model, particularly for high-pulse configu-
rations, introduces significant computational complexity and
increases the burden associated with controller tuning and
implementation.

To address the resulting uncertainties, the proposed adaptive
strategy based on B-spline neural networks is employed to
compensate for unmodeled dynamics introduced by the power
electronic stage. To validate this approach, two converter
configurations with different pulse numbers (36-pulse and 84-
pulse VSCs) have been analyzed. These configurations rep-
resent operating conditions with different harmonic distortion
levels, allowing the evaluation of the controller under both
relatively high-distortion and high-quality voltage scenarios.

The results presented in Section IV demonstrate that the
adaptive scheme maintains high speed tracking performance
in both cases, confirming its ability to mitigate converter-
induced nonlinearities and uncertainties without requiring an
explicit converter model during the design phase. Additionally,
the manuscript clarifies that the control strategy is initially
derived from a model-based formulation (Section III-A), while
robustness and performance are ensured through the dynamic
retuning of control gains enabled by the adaptive mechanism
(Section III-B).

(26)

IV. SIMULATION-BASED EVALUATION OF THE PMSM
DRIVE PERFORMANCE

To evaluate the performance of the controller and VSCal-
together, a simulation-based design of experiments (SBDoE)
was conducted. The simulation model of the three-phase
PMSM drive was implemented with the detailed electrical and
mechanical dynamics of the machine in Matlab/Simulink 25.1
environment, as well as the switching behavior of the converter
implemented in PLECS 4.9.8. A series of operating scenarios
was simulated by varying the rotational speed and the applied
load torque through multiple profile configurations, thereby
enabling a comprehensive assessment of the controller’s be-
havior under diverse and dynamically demanding conditions.

The analyzed simulation cases are summarized as follows:

« 1. Baseline response — without the VSC and without the
neural network. This condition is defined as the reference
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case for evaluating the integration of the Electromechani-
cal Drive System (EMDS). In this scenario, the frequency
and voltage modules are represented by ideal sinusoidal
signals, providing the exact input conditions required by
the control stage to achieve the desired speed and torque
trajectories.

¢ 2. Response with a 36-pulse VSC, without the neural
network. In contrast, this scenario uses a VSC of a good
quality that can generate a 5.1479% [18] of harmonic
distortion at the output. The pulse jumps can provoke
slight differences from the baseline case.

e 3. Response with an 84-pulse VSC, without the neural
network. On the other hand, using an 84-pulses VSC
can bring a very low harmonic distortion, around 2.5%
[19]. This is a high quality generated signal, but the pulse
jumps, even though are of a shorter amplitude, are more
frequent, so it is needed to verify its influence on the
general system.

o 4. Response with a 36-pulse VSC, including the neural
network. This scenario includes the use of the 36-pulse
VSC along with the BSpline neural network tuned to
reduce variations on the speed profile.

¢ 5. Response with an 84-pulse VSC, including the neural
network. For this case, the response is computed by using
the high quality VSC of 84-pulses but also the BSpline
tuned for the previous conditions, so, no new tunning was
developed for having other response.

The VSCs considered in the SBDoE are derived from the
conventional twelve-pulse converter structure. The 36-pulse
and 84-pulse configurations are obtained by combining the
basic twelve-pulse topology with multi-level input stages and
appropriate reinjection transformers. Specifically, the 84-pulse
VSC is implemented using a seven-level single-phase inverter
stage that feeds the twelve-pulse converter, enabling a sort
of pulse product and producing a higher number of voltage
steps, and consequently, the improved harmonic cancellation.
In contrast, the 36-pulse configuration employs a three-level
single-phase inverter as the input stage, which is easier to
build and results in a lower number of effective pulses and
comparatively higher harmonic distortion, but in any case, the
result is a closer version to the sinusoidal signal. In both cases,
the transformer turns ratios and phase shifts are selected to
minimize THD at the converter output. A detailed description
of the 84-pulse converter topology, including the seven-level
structure, switching patterns, and harmonic performance, can
be found in [20]. Similarly, the implementation and harmonic
optimization of the 36-pulse configuration are described in
[18].

The resulting speed, torque, voltage, and active power
profiles are presented in the figures of this section. These
plots illustrate the system’s ability to track speed references,
maintain torque stability, and manage the converter output
voltage to achieve effective energy conversion. The results
demonstrate consistent coordination between the controller
and the converter, confirming the robustness and efficiency of
the proposed drive strategy across the tested operating range.

On this voltage-based controller, the voltage waveform
produced by a VSC is inherently discontinuous, composed of
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stiff, stair-cased voltage transitions that approximate a sinu-
soidal reference. These changes in voltage introduce harmonic
distortion into the motor. As a result, the motor windings
experience non-sinusoidal currents that generate torque ripple,
additional losses, and increase the acoustic noise. When the
total harmonic distortion (THD) of the converter output is
high, these effects are amplified—Ieading to stronger electro-
magnetic stresses, higher temperature rise, and potential degra-
dation of insulation or bearing systems. Therefore, minimizing
the harmonic content of the converter output is essential to
ensure smooth torque production and long-term reliability of
the motor drive.

A comparison of the speed obtained with the five cases
of the SBDoE is provided in Fig. 3. In contrast to the
baseline reference case, the inclusion of the VSC introduces
a noticeable speed offset when the torque is changed. This
offset is increased as the commanded speed becomes higher.
When the B-spline neural network is incorporated into the
control structure, this offset is effectively mitigated, yielding
a response that closely follows the speed reference. The
reduction in offset is particularly significant when using the
84-pulse VSC, which exhibits the smallest deviation among
the evaluated configurations.

200
195
190
150
- 185
Zz 60 80
=100}
&
50
0 1 L
0 50 100 150
Time [s]
36 pulses NO BSpline ——36 pulses & BSpline
—— 84 pulses NO BSpline 84 pulses & BSpline
- - =Reference

Fig. 3. Speed profile comparison for the SBDoE performed, and
close-up of the main speed variations.

On the other hand, Fig. 4, presents the torque variations
expected on the dotted line as reference. By adding the VSC
to generate the required voltage, some elongations take place
when a variation on the speed is required, obtaining better
response when the combination of the 84 pulses VSC and the
BSpline are used.
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Fig. 4. Torque profile comparison for the SBDoE performed, and
close-up of the main torque variations.

In order to follow the voltage amplitude, the EMDS uses
the voltage module defined by (27). Here V,,, represents the
module of the voltage, and v,, vy and v, are the phase voltages
required to track the instantaneous speed of the PMSM. By
processing this signal, the EMDS accounts not only for the
dynamic speed reference but also for variations in load torque
and converter operating conditions, ensuring accurate closed-
loop control. The required voltage module is depicted in Fig.
5. Again the reference voltage is plotted in dotted line while
the best approximation is obtained with the 84 pulses VSC
and the BSpline working together but the required value is
higher than the reference with some oscillations.
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Fig. 5. Voltage profile comparison for the SBDoE performed and
close-up of the main voltage variations.

The profile for the active power presents a slightly weird
behavior as the ripple is lower when no neural network is used,
but also the 84 pulses VSC has better conditions than the 36
pulses VSC. This can be observed in Fig. 6.
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Fig. 6. Active Power profile comparison for the SBDoE performed
and close-up of the main active power variations.

By combining the variations in speed and torque, the oper-
ating profile can be divided into seven steady-state sections.
The first section corresponds to the motor at standstill, where
no mechanical energy is demanded. The performance charac-
teristics and merit figures obtained for Sections 2 through 7
are summarized in Table I. Based on these results, the config-
uration that achieves the best speed-tracking performance is
the system using the 36-pulse VSC in combination with the
B-spline neural network. This arrangement outperforms the
84-pulse VSC with neural enhancement by a small margin,
although it does so at the expense of higher torque, voltage,
and power ripple.

This performance was achieved by dynamically adapting
the controller gains, (o, 51w, 0w, and ap, as can be
seen in Fig. 7. These adaptations are driven by real speed and
load requirements, ensuring robust motor response in a wide
range of operating conditions without redesigning the control
strategy. The synaptic weights convergence is presented in Fig.
8. The convergence of all synaptic weights ensures that the
speed error, e,,, asymptotically approaches zero. Consequently,
the proposed controller effectively compensates system un-
certainties, including electronic driver dynamics and drastic
variations in both reference and load torque. The proposed
strategy exhibits selective adaptation; rather than a global
update, only a subset of synaptic weights is adjusted in
accordance with the learning rule. This adaptation is used to
compensate possible uncertainties and and non-linearities in
the motor-inverter system while maintaining the stability of
previously learned states, Figs. 7 and 8.

The proposed control strategy followed in this work has
been developed with practical implementation in mind, even
though the presented results are based on simulation. The
low computational complexity of the adaptive mechanism
based on B-spline neural networks makes it suitable for real-
time applications. The update of synaptic weights uses an
instantaneous learning rule, as described in Eqgs. (24)—(26),
enabling efficient online adaptation without requiring intensive
numerical optimization.

The computational burden associated with the adaptive update
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results in an execution time of approximately 0.091 ms per
iteration, evaluated in a real-time processing environment.
This processing time supports the feasibility of real-time
implementation, according to typical sampling periods used
in high-performance motor drive systems. The control strategy
was intentionally designed without requiring a detailed model
of the VSC, reducing the modeling complexity and simplify-
ing the controller tuning, particularly in high-pulse converter
configurations where the number of switching devices sig-
nificantly increases the computational burden. The adaptive
scheme compensates for converter-induced nonlinearities and
uncertainties during operation, as demonstrated by the results
obtained with both 36-pulse and 84-pulse configurations.

In addition, the proposed methodology does not require precise
knowledge of motor parameters. The use of approximate
values during the initial design and offline training stages
simplifies the methodology, while the adaptive mechanism
dynamically adjusts the control gains to compensate for pa-
rameter variations and unmodeled dynamics in real time.
These features reduce the effort and enhance the robustness
and scalability of the proposed approach for practical PMSM
drive applications.

V. CONCLUSIONS

This proposal has employed a simulation-based design of
experiments (SBDoE) to identify the most suitable option for
speed regulation of a three-phase PMSM under simultaneous
variations in torque and speed. Since the primary controlled
variable is the mechanical speed, the trade-off analysis shows
that the 36-pulse VSC with B-spline assistance achieves the
highest tracking accuracy. However, the 84-pulse configuration
provides a favorable trade-off between speed tracking accuracy
and output waveform quality. This characteristic makes it
particularly suitable for high-performance applications where
precise PMSM speed regulation and reduced ripple are crit-
ical. The results obtained from both converter configurations
validate the effectiveness of the proposed adaptive controller
in handling high-order switching dynamics without requiring
an explicit and detailed model of the power electronic stage.
This demonstrates the capability of the control strategy to
maintain robust performance under varying converter condi-
tions, supporting its applicability to different drive system
configurations. The results presented in this work have been
validated through detailed simulation studies that incorporate
both the electromechanical dynamics of the PMSM and the
switching behavior of the power electronic converter. These
simulations were designed to reflect realistic operating con-
ditions, including variations in speed and load torque, as
well as the interaction with multi-pulse converter topologies.
Although full experimental validation is beyond the scope of
this study, a preliminary laboratory-level implementation of
the adaptive controller has been carried out, confirming its fea-
sibility for real-time deployment. Furthermore, the proposed
adaptive control strategy is not restricted to a specific VSC
configuration and demonstrates the ability to accommodate
variations in converter topology and operating conditions,
highlighting its potential applicability in practical PMSM drive
systems.
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TABLE I
COMPARISON OF MERIT FIGURES OBTAINED FROM THE SBDOE FOR THE SPEED CONTROL PROPOSED

Feature and Performance  Reference 36 pulses VSC 84 pulses VSC 36 pulses VSC 84 pulses VSC

NO BSpline NO BSpline & BSpline & BSpline
Section 2
Steady state speed 100.000 99.130 99.221 100.035 100.035
Deviation from reference 0 —0.870 —0.779 0.035 0.035
Maximum torque ripple 0 0.056 0.068 0.024 0.025
Average voltage 164.380 166.678 166.403 168.202 167.744
Maximum voltage ripple 0.001 0.628 0.388 1.386 1.146
Average power 3.286 2.563 2.668 2.648 2.747
Maximum power ripple 0.012 4.838 3.935 4.705 2.806
Section 3
Steady state speed 100.000 104.126 103.801 100.034 100.034
Deviation from reference 0 4.126 3.801 0.034 0.034
Maximum torque ripple 0 0.952 0.894 0.674 0.533
Average voltage 377.407 410.517 407.273 393.783 392.848
Maximum voltage ripple 0 13.951 13.925 20.335 15.598
Average power 1060.399 991.305 998.511 967.305 961.542
Maximum power ripple 1.852 64.397 58.991 109.748 96.099
Section 4
Steady state speed 188.496 195.803 195.012 188.536 188.537
Deviation from reference 0 7.307 6.516 0.040 0.041
Maximum torque ripple 0 2.303 1.755 1.366 1.027
Average voltage 708.192 788.927 779.171 756.491 754.844
Maximum voltage ripple 0.002 49.225 36.351 45.675 33.199
Average power 1941.462 1789.307 1810.054 1753.645 1734.712
Maximum power ripple 3.247 223.556 200.109 242.225 213.444
Section 5
Steady state speed 188.496 187.979 188.042 188.518 188.518
Deviation from reference 0 —0.517 —0.454 0.022 0.022
Maximum torque ripple 0 0.471 0.250 0.206 0.121
Average voltage 330.137 340.144 339.034 341.065 339.846
Maximum voltage ripple 0 9.098 5.234 14.717 8.620
Average power 323.368 316.571 317.836 317.630 318.930
Maximum power ripple 0.310 51.444 29.779 38.809 23.368
Section 6
Steady state speed 20.944 20.975 20.976 20.946 20.946
Deviation from reference 0 0.031 0.032 0.002 0.002
Maximum torque ripple 0 0.056 0.026 0.021 0.015
Average voltage 38.229 38.967 38.890 38.918 38.839
Maximum voltage ripple 0.013 0.757 0.458 1.350 0.762
Average power 36.536 36.380 36.421 36.340 36.389
Maximum power ripple 0.036 1.144 0.647 0.953 0.545
Section 7
Steady state speed 20.944 22.105 22.087 20.948 20.948
Deviation from reference 0 1.161 1.143 0.004 0.004
Maximum torque ripple 0 0.249 0.238 0.238 0.160
Average voltage 103.429 111.338 110.985 105.862 105.675
Maximum voltage ripple 0 2.745 2.715 6.567 4.604
Average power 388.992 368.740 369.419 361.359 356.394
Maximum power ripple 0.717 9.379 9.241 54.195 42.357
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