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Abstract: Optimizing the cost function in predictive control of multi-phase drives is computation-
ally intensive. This poses a challenge since the required sampling period for drives falls within
the microsecond range. Numerous methods have been proposed in the literature to address this
computational demand. This paper reviews recent proposals for multi-phase drives of various kinds.
A structured classification of the proposals is provided. Furthermore, an integrated framework is
employed to cohesively present and connect previously unrelated methods. Key elements such
as Allowed Control Set, inter-sample modulation, and weighting factor use are identified. New
developments in multi-vector and single-vector approaches are discussed. Practical limitations for
each approach are also considered.

Keywords: computational reduction; fast computation; finite state model predictive control; induction
motor; multi-phase drives; variable speed drives

1. Introduction

Model Predictive Control (MPC) was initially introduced in the 1970s to handle com-
plex dynamics, such as those found in chemical processes [1]. Its early applications were
primarily for slow processes due to the high computational demand of MPC compared
to PID control. The demand is largely due to the optimization stage. In said stage, a cost
function (CF) assigns penalties to anticipated deviations of variables from their set points,
as well as to additional terms (e.g., control effort). For linear systems with specific assump-
tions, this optimization process can be relatively straightforward. However, for general
non-linear dynamics, the optimization becomes more complex, requiring significant com-
putational time [2].

In the 1980s, as more advanced computing devices became available, the MPC method
was proposed for controlling drives [3]. Typical control configurations for AC drives
involve an inner loop for current regulation and an outer loop for rotor flux and speed
control, with the predictive controller potentially handling both roles. The more challenging
task is replacing the inner loop, as it involves a faster dynamics response [4].

A particular predictive setup is accomplished by executing direct digital control of
the Voltage Source Inverter (VSI) [5]. In this arrangement, the VSI state is directly set by
the MPC, eliminating intermediate modulation stages. This configuration is known as
Finite-State MPC (FSMPC) or Finite-Control-Set MPC (FCSMPC) [6]. Here, the VSI state
effectively becomes the control signal, and the primary term of the cost function can be
specified in terms of either stator currents or electric torque and rotor flux. The first option
is of interest in this context, as it has been favored in multi-phase research.
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The FSMPC approach has been the subject of research for the control of drives of
different kinds, including induction, permanent magnet, reluctance, and other systems.
In this review, the focus is put on MPS regardless of the kind of machine. It is worth recalling
that electric multi-phase systems (MPS) offer certain benefits over conventional three-phase
systems. In drives, multi-phase motors exhibit reduced torque oscillations, lower DC-link
harmonics, enhanced fault tolerance, and improved phase power distribution [7]. Owing
to these advantages, multi-phase drives have attracted research interest for applications
like renewable energy systems, vehicle traction, and ship propulsion [8].

In MPS, the collection of phases is simplified by using the Vector Space Decomposition
(VSD) method [9]. This projection maps phase quantities onto multiple planes. One plane,
referred to as the α-β plane, is responsible for torque production, while others (x-y planes)
contribute to losses without generating torque. Finally, planes such as z1 − z2 might be
absent in most configurations since homopolar currents typically do not flow. Through this
decomposition, the FSMPC cost function can be defined in terms of the α-β and (termed
x-y) currents as primary objectives [10].

One significant reason for the recent expansion of MPC applications is the adaptability
it provides. This adaptability arises from two main aspects. First, the use of a model allows
MPC to be applied in challenging scenarios. These scenarios include multi-variable cases,
existence of disturbances, delays, and non-linear behaviors [2]. The second factor is the
use of a cost function to guide control action selection. The cost function can incorporate
numerous terms and constraints, making it possible to address multiple objectives. In the
case of FSMPC for MPS, the primary objectives are α-β tracking and x-y minimization.
Additional objectives, such as penalizing VSI switching frequency, are also possible [10].

However, the optimization of the CF on a sample-by-sample basis requires consider-
able computational time. This poses a challenge for electrical drives, as the sampling period
for stator current control needs to be in the microsecond range. Longer sampling intervals
lead to less effective modulation of stator voltages and a reduced bandwidth [11]. Please
note that until recently, switching frequency was a major concern for some FSMPC pro-
posals. This concern is progressively being reduced thanks to the introduction of modern
power devices based on SiC [12,13] and GaN technologies [14,15].

Various methods have been proposed in the literature to address this issue. This
paper examines those approaches relevant to MPS, offering a structured classification of
the different solutions. Additionally, an integrated framework is used to present previously
unrelated methods.

The following section introduces the FSMPC framework for MPS, focusing on stator
current control. Section 3 provides a classification of previous approaches based on factors
that influence computational load. A critical assessment is then presented in Section 4.

2. MPC for Current Control of MPS

In this section, the basic elements of FSMPC are reviewed. In the description that
follows, a five-phase induction motor is used as a reference and to provide a concrete example.
As discussed in the Introduction, MPC concepts have been widely applied in the field of
variable-speed drives, with predictive stator current control being one of the most relevant
approaches for MPS. The relevant components of this control scheme are depicted in Figure 1
and are detailed below. The reference example is based on the work presented in [16].

2.1. Drive Control

FSMPC for variable-speed drives builds upon the Indirect Field-Oriented Control
(IFOC) scheme [17]. This approach incorporates an outer feedback loop for speed regulation
and an inner feedback loop dedicated to stator current control, as shown in Figure 1.

For MPS, phase stator currents are transformed using the Clarke projection into the α-β
and x-y planes. This transformation enables the decoupling of control variables, simplifying
the control strategy. According to the IFOC approach, the torque-generating currents should
track a reference value set by the torque/speed control loop. The x-y current references
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are maintained at zero to minimize energy losses. In this manner, rotor flux and torque
are regulated independently. The rotor flux target is given by i∗d , while i∗q serves as the
reference for electrical torque. These references are projected onto the α-β plane via the Park

transformation, resulting in a reference stator current in the α-β space as I∗sα−β = D
(

i∗d , i∗q
)⊺

,
where matrix D is defined as

D =

(
cos θa sin θa

− sin θa cos θa

)
. (1)

*iq
ωm
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*id

ωm

PI

θa  
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Figure 1. Diagram of FSMPC for a five-phase IM.

The rotor flux position θa is estimated as θa =
∫

ωe dt, where ωe = ωsl + Pω, with P
being the number of pairs of poles of the IM and ωsl the slip. This last quantity is related
to rotor flux linkage (ψr) as ωsl = iqs/(τrψr/Lm), where τr is the rotor time constant and
Lm the mutual inductance. This expression can be simplified so that direct stator current
is used instead of rotor flux, as it is the usual approach for IFOC. With this, one obtains
ωsl = iqs/(idsτ̂r), where τ̂r is an estimation of the rotor time constant τr = Lr/Rr, with Lr
being the rotor inductance and Rr the rotor resistance, respectively. As a result, the set

point for stator current tracking I∗s (k) has an amplitude given by I∗s =
√

i∗2
d + i∗2

q . Finally,
the α-β references can be expressed as

I∗sα(t) = I∗s sin(ωet), I∗sβ(t) = I∗s cos(ωet), I∗sx(t) = 0, I∗sy(t) = 0. (2)

At this point, the role of FSMPC is the generation of stator currents by issuing voltages
through a VSI. This process is influenced by the specific VSI configuration and the number
of phases, as described below.

2.2. VSI States and Voltages

In a power-converter-supplied drive, the phase voltages are determined by the VSI
state. This state can be represented as a vector u = (Ka, Kb, · · · , Ke)

⊤, where the values Kh
indicate the state of the corresponding VSI switch for phase h. For a five-phase VSI, there
are 32 possible configurations, ranging from u0 = (0, 0, 0, 0, 0)⊺ to u31 = (1, 1, 1, 1, 1)⊺. Each
configuration results in a specific set of phase voltages. The stator voltages corresponding to
each VSI state can be expressed as V(k) = VDCTMu(k), where VDC is the voltage supplied
to the DC-link, and T and M are derived from the VSI structure [18].

The stator voltages can be mapped to the α-β and x-y subspaces using the Clarke
transformation. The resulting voltages in the αβxy coordinate system are referred to as
voltage vectors (VVs). Figure 2 illustrates the distribution of VVs for a five-phase VSI.



Appl. Sci. 2024, 14, 11774 4 of 18

31

1

2

3

4

5

6

7

8

9

10

11

12

14

15

16

17

19

20

21

22

23

24

25

26

27

28

29

30

0

β

α 

13

18

4

1

5

8

12

9

13

2

6

3

7

10

11

15

16

20

21

24

28

25

29

18

22

19

23

26

30

27

0

y

x

17

14

31

Figure 2. Voltage vectors for a five-phase VSI.

2.3. Basic VV and Virtual VV

As discussed in the previous sections, each VSI configuration generates a specific
voltage in the α-β-x-y axes. This voltage is referred to as the basic Voltage Vector (VV). It is
useful to describe the distribution of these basic VVs according to their magnitude in the
α-β subspace:

1. Large VV (LVV): These are VVs that have the largest magnitude in the α-β subspace,
as shown in Figure 2.

2. Medium VV (MVV): These VVs are placed in the second largest corona.
3. Small VV (SVV): These VVs are placed in the smallest corona.
4. Null Voltage (ZVV): This refers to the VVs in the origin.

FSMPC can select any of these basic VVs to be applied at each sampling period.
Approaches that follow this strategy are known as single-vector FSMPC. However, it is also
possible to release a sequence of basic VVs during a single sampling period. This results
in a form of explicit inter-sample modulation. The average voltage generated over the
sampling period can be interpreted as a Virtual VV or Synthesized VV [19].

While there are several variants of the Virtual Voltage Vector (VVV) technique, it is
particularly useful to focus on VVV for x-y elimination. In this method, VVs are chosen
such that their average x-y excitation is zero. For example, a Large VV applied during a
subperiod TL followed by a Medium VV during TM is selected. The time durations TL and
TM are chosen so that they add up to the sampling period TL + TM = Ts. Additionally,
the average voltage in the α-β subspace over the sampling period is set to zero, Vxy = 0.
This cancellation is achieved by pairing an LVV with an MVV positioned in the opposite
part of the x-y subspace.

2.4. Predictive Model

In standard FSMPC, the control action is defined by the state of the VSI, denoted
as u. In multi-vector approaches, the control action consists of a sequence of different
VSI configurations applied during a sample period. For example, in the case of Virtual
Voltage Vector (VVV) techniques, each control action corresponds to a specific VVV. For the
following discussion, it may be simpler to focus on the single-vector approach.

FSMPC employs a predictive model to relate predicted stator currents to potential
control actions. This model is typically represented by a set of discrete-time state-space
equations, as î(k + 1) = (C(ω) + G)i(k) + BV(k), where i contains the α, β, x, and y
stator currents, î is the prediction of i, and ω is the angular speed. Matrices C and B are
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obtained from first principles applying time discretization with sampling time Ts. This
gives C = (I + AcTs) and B = TsBc, where

Ac =


a2 −a4 0 0
a4 a2 0 0
0 0 a3 0
0 0 0 a3

, Bc =


c2 0 0 0
0 c2 0 0
0 0 c3 0
0 0 0 c3

 (3)

In the previous expressions, the coefficients used are a2 = −Rsc2, a3 = −Rsc3,
a4 = −LMc4ωr, which depend on machine parameters such as c1 = LsLr − L2

M, c2 = Lr/c1,
c3 = 1/Lls, c4 = LM/c1. Furthermore, term G represents the effect of the rotor currents,
which are typically unmeasured. Various methods for estimating these currents have been
proposed to improve predictions [20,21].

Using the above expressions, the two-step-ahead prediction of the stator currents can
be expressed as

î(k + 2) = A(ω)î(k + 1) + BV(k + 1) (4)

where A = C + G is introduced for clarity. The predicted control error is then given by

ê(k + 2) = I∗s (k + 2)−
(

A(ω)î(k + 1) + BV(k + 1)
)

(5)

2.5. Cost Function

In a general MPC application, the CF incorporates various terms. The primary one
constitutes a penalization of output variables from their references. Additional terms
include penalization of control effort and other objectives. In FSMPC stator current control,
typically, predicted control errors and VSI switching events are penalized in the following
manner [22]:

J(k + 2) = ê2
α−β(k + 2) + λxy ê2

x−y(k + 2) + λsc∆S(k + 1) (6)

where ∆S(k + 1) represents the number of switch transitions at the VSI when the configura-
tion u(k) is changed to u(k + 1). For single-vector approaches, the value of ∆S(k + 1) can
be calculated as

∆S(k + 1) =
5

∑
i=1

|ui(k + 1)− ui(k)| (7)

With this cost function structure, the weighting factors (WFs) are the parameters λxy
and λsc. The first parameter emphasizes the reduction of x-y currents, while the second
helps minimize the switching frequency.

2.6. Optimization and Deployment

In FSMPC, the control move for the k + 1 period is determined at discrete time k
as uopt = argminJ(k + 2). In earlier studies, the optimization phase of FCSMPC was
performed by exhaustive search. This involved computing the value of J for each candidate
or allowed control move to obtain the minimum.

The deployment of the method in a DSP is relatively straightforward. A flowchart of
the FSMPC algorithm is shown in Figure 3. It is interesting to note that the main blocks
are the same regardless of the type of machine (induction, permanent magnet, etc.) and
regardless of the number of phases. For any particular case, one needs just to adjust the
model and a few parameters.
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Figure 3. Flowchart for FSMPC of stator current.

The results of FSMPC have been featured in many papers [4]. In the case of MPS,
special attention must be given to the different planes in the VSD decomposition. As an
example, check the waveforms in Figure 4, where the α-β components clearly follow their
sinusoidal references and the x-y components are regulated around zero.
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Figure 4. Typical evolution of stator currents for FSMPC.

Despite the flexibility of FSMPC, its practical application is hindered by a signifi-
cant computational load, especially in MPS, due to the large number of possible control
moves. As discussed in the Introduction, a high computational load leads to a reduced
sampling frequency, which in turn limits the control bandwidth. Additionally, in the case of
single-vector approaches, the longer duration of the applied voltages results in significant
distortion from the ideal sinusoidal waveform.

This issue prompted researchers to explore methods for reducing the time required
for the optimization phase. The various approaches developed are categorized in the
next section.
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3. Fast Computation Strategies

Numerous FSMPC proposals for MPS address the issue of fast computation. Some of
these approaches combine multiple strategies. For example, in the context of Virtual Voltage
Vectors, techniques such as control set reduction, elimination of weighting factors, and cost
function simplification can be found. To provide a meaningful classification, the following
fundamental techniques are considered.

3.1. Reduction of the Allowed Control Set

The candidate control moves considered during the optimization phase form the
Allowed Control Set (ACS). In single-vector FSMPC, this set is typically a subset of the
complete set of VSI configurations. In multi-vector FSMPC, the ACS represents a subset
of all possible sequences. To maintain clarity, the single-vector case will be discussed first.
In this approach, the ACS is often composed of two or more basic VV subsets (e.g., LVV,
MVV, etc.). A specific example involves the combination of the LVV set and the ZVV set,
introduced in [10].

Using this idea, ref. [23] introduces an advanced FCS-MPC. This method employs
Virtual Voltage Vectors that automatically suppress third harmonic currents, simplifying
the cost function by omitting harmonic terms. Furthermore, an Adaptive Control Set dy-
namically adjusts Voltage Vector amplitudes based on rotor speed, significantly enhancing
performance at low speeds. To ensure stability, delay compensation predicts the system
state for the next control interval. By achieving an optimal balance between precision and
computational efficiency, this approach is highly suitable for demanding applications such
as electric vehicle propulsion.

Likewise, an optimized MPC strategy is proposed in [24], focusing on overcoming the
operational performance and computational challenges of traditional methods. The ap-
proach introduces a set of 24 Virtual Voltage Vectors uniformly distributed to improve
control precision by offering a denser selection of candidates. A novel minimum error
duty cycle calculation is included to optimize the relationship between the selected Volt-
age Vectors and reference currents in the d-q axes, minimizing tracking errors. To reduce
computational effort, a multi-stage evaluation method is developed, simplifying the vector
selection process and reducing the number of evaluations from 24 to 8 cycles.

A preselection based on deviation in stator current and the change in stator current
vector is proposed in [25]. The direction and magnitude of per-unit current vector is
considered for a region identification procedure, resulting in a large reduction in computing
needs. However, just d3-q3 harmonic currents are considered.

3.2. Simplification of the CF and Search Method

Another strategy to accelerate the computation of the control signal in FSMPC for
MPS focuses on simplifying the optimization problem, achieved through two primary
approaches. The first approach simplifies the cost function by reducing the number of
terms, including methods that eliminate the need for a weighting factor (WF). The second
streamlines the search process by limiting the exploration of the full set of possible control
actions, effectively pruning the search tree. It is crucial to highlight that these strategies do
not reduce the number of ACSs; instead, they optimize the selection process for efficiency.

A method for six-phase PMSM is presented in [26], employing two groups of Virtual
Vectors with varying magnitudes. This approach improves torque regulation and elimi-
nates the need for weighting factor tuning in the cost function. Additionally, a one-step
lookup table is introduced to exclude unnecessary Voltage Vectors, significantly reducing
computation time.

Other authors propose a Model-Free Predictive Control (MF-PC) algorithm that elim-
inates complex operations such as multiplications and parameter estimation, providing
enhanced accuracy and robustness to parameter variations while maintaining low com-
putational complexity. Ref. [27] demonstrates that the method can effectively manage
load disturbances and parameter mismatches, achieving reduced harmonic distortion and
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torque ripple. It highlights the advantages of a parameter-independent control strategy
that avoids the computational burden of traditional approaches while maintaining high
precision. Ref. [28] introduces the ABC frame for multi-phase systems, which predicts
control actions independently for each phase. By avoiding the need for frame transforma-
tions and weighting factors, this approach significantly reduces computational burdens.
Simulations and experiments demonstrate its effectiveness, achieving comparable perfor-
mance to traditional methods while improving efficiency, particularly in systems with
multiple phases.

Regarding WF elimination, it naturally occurs in Virtual Voltage Vector (VVV) ap-
proaches, as x-y currents do not need to be included in the cost function, and switching be-
comes more predictable. Other works explicitly perform WF elimination, such as in [29–31].
Additionally, some approaches focus on the design of parameter-free cost functions, as
seen in [32,33].

Restrained Search Predictive Control (RSPC) is a technique presented in [34] that
reduces computational complexity by limiting the number of inverter switching states that
can be evaluated in each sampling cycle. Instead of exhaustively analyzing all possible
switching combinations, RSPC imposes constraints that select only a subset of switching
vectors, thereby reducing the number of phase changes in the inverter. This approach
lowers switching losses and improves system efficiency.

RSPC focuses on two main restrictions: selecting only those vectors that involve
one or no commutations per cycle and preventing any inverter phase from switching in
two consecutive cycles. These constraints facilitate real-time implementation, enhance
drive efficiency, and reduce the maximum switching frequency, which is especially advan-
tageous in high-power applications and complex multi-phase systems.

Improved techniques of RSPC is presented in [35] for multi-phase drives, where the
commutations of VSI are minimized, favoring the drive efficiency.

On the other hand, ref. [36] presents a computationally efficient multi-step direct
predictive torque control (M-DPTC) for surface-mounted permanent magnet synchronous
motors (SPMSMs). The method uses a simplified predictive model and a novel optimization
approach to reduce computational complexity, achieving logarithmic time growth instead
of exponential. By utilizing lookup tables and addition operations, the algorithm avoids
exhaustive computations, enabling real-time implementation within short sample peri-
ods. Experimental and simulation results validate its effectiveness in reducing switching
frequency and losses while maintaining steady and dynamic performance.

A novel technique, introduced in [37], proposes a dual second-order MPC strategy.
This approach enhances flexibility in controlling Voltage Vector direction and amplitude,
reduces torque and current ripples, and improves steady-state performance. By apply-
ing second-order MPC to both speed and current loops, the system achieves faster re-
sponse times and reduced overshoot compared to traditional PI control. The method
employs four-vector space vector PWM (SVPWM) modulation, optimizing the current loop
while maintaining minimal computation requirements, as validated through simulations
and experiments.

The approach presented in [38] explores two modified MPC strategies designed to
enhance the control of asymmetric six-phase PMSMs. The first method integrates MPC
within the conventional cascaded speed–current control loop, replacing the current control
with MPC to achieve faster response times and reduce harmonic currents. The second
method eliminates the cascaded loops entirely, consolidating both speed and current control
into a single MPC, which improves the system’s dynamic performance and flexibility.
Both approaches utilize Vector Space Decomposition (VSD) to isolate torque-producing
components and suppress non-torque harmonics, thereby optimizing the Maximum Torque
per Ampere (MTPA) operation and enhancing efficiency in multi-phase systems.

An improved control scheme for five-phase PMSMs that enhances tracking accuracy
and DC-link voltage utilization while reducing computational load is presented in [39]. It
employs a double-vector method where two optimal voltage vectors are selected online
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during each sampling interval, paired with duty ratio optimization to improve tracking
precision in two subspaces (α-β and x-y). By limiting the candidate vectors to only the
five nearest ones in the reference sector, the method drastically reduces the computational
requirements compared to traditional schemes, enabling practical real-time implementation
without sacrificing performance.

Another approach presents a hybrid exploration state method [40] that combines
four-state and seven-state exploration techniques by dividing the space vector plane into
regions based on the reference Voltage Vector’s magnitude and angle. Key benefits include
reduced RMS current ripple compared to conventional methods; optimized computational
effort, minimizing processing load versus the seven-state method; and improved switching
frequency balance, ensuring efficient and stable motor control. This method offers a
practical and efficient solution for applications demanding high-precision motor control.

3.3. Explicit MPC

Reducing the computational load has been tackled by resorting to general optimization
methods, some of which have proven effective in cases where control actions are quantized,
as in FSMPC. In Explicit Model Predictive Control (EMPC) [41], a quadratic optimization
problem is decomposed into multiple local subproblems, with their solutions computed
offline. Implementing EMPC involves identifying the relevant subproblem (via region
determination) and retrieving the appropriate control law from a precalculated table [42,43].
One of the main challenges with reported EMPC applications is the application of a general
region-splitting methodology that lacks physical insight, leading to unnecessarily high
complexity. Additionally, the inclusion of complex cost functions can make the EMPC
problem more challenging.

Another general technique is the Sphere Decoding Optimization algorithm [44]. Like-
wise, Laguerre function-based MPC with a modulator has been proposed for long-horizon
problems [45]. However, these methods focus on long horizons and do not completely
eliminate the need for combinatorial search.

3.4. Dead-Beat Approach

Dead-beat control is enabled by direct digital control of dynamical systems. The basic
idea is to apply a control action that, after one sampling period, will drive the error to zero.
Its application to drives can be traced back to the 1980s [46]. In the case of FSMPC, using
Equation (5), one can derive the voltage that, applied during the k + 1 interval, would drive
the error to zero at k + 2. Denoting it by V∗, it turns out to be

V∗ = B−1(i∗(k + 2)− A(ω)î(k + 1)
)
. (8)

Voltage V∗ might not be one of the 32 VVs that the VSI can produce. Then it must be
synthesized using various basic VVs applied at different times and for different subperiods
during the whole sampling period. The basic VVs that need be applied can be found using
trigonometric rules and lookup tables [47,48]. Different approaches have appeared using
the DB concept. They have been applied to different types of drives and numbers of phases.

3.5. Region-Based Methods

FSMPC based on regions can be seen as a particular case of EMPC where the regions
are determined using physical insight. The idea can be put forward for the single-vector
case using the following observation. Minimizing J amounts to minimizing ∥V∗ − Vh∥2

w,
where index h goes from 1 to the number of available VVs. This can be checked noting
that ê = i∗ − î with î = A(ω)î(k + 1) + BVh for some basic VVs of index h. As a result, the
following identity is found:

B−1 ê = B−1(i∗ − A(ω)î(k + 1)
)
− Vh, (9)
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where the right-hand side is exactly V∗ − Vh by definition. So, the term ê can be replaced
by B(V∗ − Vh) in the expression of the cost function. Now, B does not depend on the VV
selected, so minimizing J and minimizing ∥V∗ − Vh∥2

w yields the same result.
From this, one can resort to Voronoi regions to provide a convenient way for

∥V∗ − Vh∥w minimization. In fact, the cumbersome exhaustive exploration is avoided.
Voronoi regions appear because ∥V∗ −Vh∥w defines a metric in the mathematical sense [49].
Then, to compute the VV minimizing the cost function, one just needs to find in which
Voronoi region V∗ is placed. The application of these ideas to MPS first appeared in [50] for
a reduced cost function.

4. Critical Analysis and Discussion

In this section, the previously introduced strategies are compared by analyzing selected
papers. A classification is used to proceed in an orderly manner. The taxonomy uses as
the main characteristic the number of VVs issued per sampling period. The multi-vector
class is first reviewed, as it has contributed earlier to the development of fast optimization
methods. Figure 5 shows a schematic diagram for the reviewed strategies. The reviewed
papers are classified accordingly, as shown in Table 1.

Fast computing
strategies

Single Vector

Based on
regions

Others

Multivector

VVV

2VV

3VV

DeadBeat

VVV+DB

nVV

⃝
⃝
⃝

Figure 5. Categorization of fast computing strategies for FSMPC.

Table 1. Taxonomy of FSMPC for MPS regarding computational reduction.

Single vector
Regions [40–44,50–61]

Others [10,24,25,28–37]

Multi-vector

2 VVVs [26,39,55,62–67]

3 VVVs [68–70]

4 VVVs or more [19,23–25,34,38,47,71–78]

Dead-beat [46–48,69,79–83]

VVV+DB [70,84–86]

4.1. Multi-Vector Approaches

Multi-vector methods in FSMPC are characterized by the application of more than
one basic VV per sampling period. Early studies combined a non-zero VV with a Null
VV to produce an average voltage with a reduced magnitude compared to that of the
basic non-zero VV. In this way, the modulus of the voltage is affected so that a closer
approximation to V∗ is found [62]. Subsequently, this concept was expanded to include
combinations of two non-zero VVs, generating an average voltage with specific benefits for
certain applications.
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In MPS, certain combinations of basic VVs can yield a zero average voltage in the
x-y plane, minimizing x-y excitation. This allows the x-y terms to be omitted from the
cost function, simplifying the computation. Additionally, the set of Virtual VVs is smaller
than the complete VV set, reducing the enumeration process needed to optimize the cost
function. Further constraints on the VVV sequence can reduce the optimization search
space even more [51].

The VVV approach has been applied to various types of multi-phase systems [63,68].
For example, ref. [47] explores using adjacent VVVs and the vector opposite to the previous
optimal one, reducing the exhaustive search to only five evaluations. This method is
demonstrated on a two-level, five-phase PMSM system.

In terms of experimental application, a limitation of VVV methods is that they man-
age x-y currents in open-loop. Factors such as switch dead time, machine asymmetries,
and back-EMF harmonics can lead to unwanted x-y currents, increasing copper losses.
Another issue concerns DC bus utilization, as combinations of basic VVs do not provide the
same voltage range as individual basic VVs [87]. To address these concerns, [88] proposed a
method using dual VVVs for α-β control while regulating x′-y′ currents without interference.

Closely related to VVVs are multi-vector methods incorporating the dead-beat concept.
These aim at generating an average voltage exactly matching V∗ by combining basic VVs
during a single sampling period. The work of [40] uses DB with hybrid-state exploration
to reduce computational load and current ripple. In [89], a similar approach is used with
asymmetric space vector PWM. The method in [71] applies two VVs per period, switching in
just two phases and evaluating only six candidate VVs at each period. Ref. [90] extends the
DB concept to a multi-variable approach controlling all variables within a single predictive
loop. Further variations are explored in [48,69,91–95].

Despite its advantages, the DB approach has limitations in terms of experimental ap-
plication. First, the goal of exact cancellation of the control error is practically unachievable
due to unmodeled dynamics and parameter variations. Furthermore, the synthesis of V∗

from multiple VVs leads to the average deception problem because the optimal voltage acts
only as an average over the sampling period [87]. This issue affects the trade-offs between
α-β tracking and x-y regulation, which are particularly significant in multi-phase systems,
as x-y currents lead to additional losses [72,96,97].

Another concern for experimental application of DB schemes is the switching fre-
quency. DB methods often require more frequent changes in the VSI configuration than
single-vector approaches. For example, ref. [73] limits switching by selecting four VVs per
sampling period from a lookup table that restricts the number of commutations, thereby
reducing the Average Switching Frequency (AFS).

Another aspect, related to the actual implementation, is that DB-FSMPC methods
often rely on trigonometric functions to determine the VV combination. These functions
can be computationally intensive and unreliable at times, and they may not be feasible on
low-end hardware.

4.2. Single Vector

From a practical application point of view, single-vector predictive methods face
computational challenges. This is especially notable in MPS, as the number of basic VVs
grows exponentially with the number of phases [47]. The usual approach to SV-FSMPC is
the exhaustive search optimization of the cost function. The computational load is then high,
leading to high sampling periods. This reduces the bandwidth of the stator current control.

Early methods for computational load reduction relied on procedures that reduced the
capabilities of SV-FSMPC. For instance, reducing the allowed VVs makes modulation more
challenging in some regions of the operating space [10]. Elimination of WFs reduces the
flexibility to cope with conflicting objectives. Finally, restrained search produces solutions
that are not guaranteed to be optimal.

A recent development in SV-FSMPC for MPS is the introduction of a region-based
method [50]. This approach extends prior works developed for VVVs, such as [52–56].
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However, ref. [50] only considers the α-β plane, which leads to the generation of x-y
currents. This problem is eliminated in [57], where a region-based method is proposed.
The method enables the use of a weighting factor for x-y content management.

A similar approach is found late in [58], where current error magnitude and sign
alongside the current gradient are used to assess error tendencies.

In these methods, the VV application time is equal to the entire sampling period. This
results in increased harmonic distortion in stator currents. Non-uniform sampling has been
proposed in FSMPC by dividing the sampling period into subintervals, allowing both VV
selection and application time optimization within a single sampling period [59]. However,
the computational load increases considerably. In [60], a region-based method is proposed
using variable application times. Both the VV and its application time are found without
exhaustive search.

These recent advances make FSMPC competitive and, arguably, superior to multi-
vector solutions, especially considering the ability of SV-FSMPC to incorporate weighting
factors in the CF.

4.3. Trade-Offs in Weighting Factors Tuning

Weighting factors allow putting more emphasis on different objectives. One criticism
often placed on WF use is that their tuning is difficult [98]. This has prompted both
the development of WF-free methods [99] and proposals for WF selection [100].

The first systematic approach to WF tuning in MPS was proposed by [96], introducing
a Pareto-front approach for a six-phase IM. This approach was later expanded in [101] using
a multi-objective genetic algorithm for predictive torque control of a six-phase IM, though it
overlooked x-y plane issues. Other techniques, like NSGA-II with TOPSIS, are applied
to WF tuning for conventional IM in [102], though they are limited to load conditions.
A multi-objective particle swarm optimization is used in [97] to address both x-y currents
and switching frequency. Some methods also incorporate artificial intelligence, such as the
neural network approach in [103] for two WFs in permanent magnet drives, relying on
simulation and limited experimental cases.

Distinct from these, ref. [22] introduces an adaptive cost function for VSD using a six-
phase IM, where performance metrics are explicitly linked to WFs. This adaptive approach
characterizes the Pareto front with a single equation, enabling straightforward rule-based
adaptation without the computational overhead of genetic or swarm algorithms.

Recent online WF tuning methods for various VSDs are based on the idea of gain-
scheduling, treating the WFs as the gains [104]. More complex algorithms have also been
proposed. For instance, ref. [105] applies reinforcement learning to tune WFs in PTC
for permanent magnet motors. Although innovative, reinforcement learning requires
extensive data.

In [106], the first variable WF method for drives demonstrates the non-linear relation-
ship between performance indicators and speed. The proposal has some limitations: it does
not calculate the actual WFs, it uses TOPSIS at every sampling period rather than adapting
only when conditions change, it lacks a clear connection between WFs and performance
metrics, an it requires tuning of hyperparameters, preventing full automation. Note that
the trade-offs considered in most studies concern just electrical variables [107]. Alterna-
tively, ref. [108] optimizes a single WF for each sampling period in PTC of a three-phase IM
yet fails to link performance metrics directly to WFs.

Advances in hardware have significantly influenced this field, particularly with the
introduction of new power converter technologies such as silicon carbide (SiC) and gallium
nitride (GaN). These converters enable higher switching frequencies, reducing the emphasis
on switching penalty terms in cost functions. However, methods employing weighting
factors (WFs) can trade off switching frequency to optimize performance [109,110], whereas
in other approaches, the switching frequency remains relatively fixed [74]. In addition to
the above, the field still has to face the challenges of concurrent tuning of both loops in the
IFOC scheme [111].
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A final remark can be made regarding computation times for each algorithm. The re-
ported values are different from one publication to another. This is to be expected since
many factors affect these figures. The capabilities of the hardware, the expertise in coding,
and the number of phases are the main ones. Nevertheless there is a clear distinction
between recent fast methods and previous ones. Both in the single-vector and multi-vector
cases, the computational load reduction of region-based methods is larger that that of
previous methods. This is highlighted in Table 2, where the reported computation times
are presented.

Table 2. Reported computation times for some FSMPC techniques.

Strategies Load (µs) Reference

Single vector
Regions 9 [50]

Others 24.16 [29]

Multi-vector

2 VVVs 45.8 [26]

3 VVVs 65 [70]

4 VVVs 27.6 [47]

Dead-beat 50.36 [83]

VVV+DB 40.23 [84]

5. Conclusions

The development of fast computational strategies has transformed FSMPC for multi-
phase drives, achieving significant reductions in sampling periods without requiring
advanced hardware. Key innovations, such as reducing the ACS and simplifying cost
functions, have streamlined complex computations while maintaining high control per-
formance. Techniques like VVVs and lookup tables preselect optimal voltage candidates,
minimizing the need for exhaustive searches.

This paper shows that the main battlefields are those of multi-vector and single-
vector, each offering unique strengths and trade-offs. Multi-vector strategies enhance
precision by combining vectors to improve control accuracy, making them suitable for
high-performance systems. Conversely, single-vector methods prioritize simplicity and
computational efficiency, making them ideal for applications with limited resources or
real-time constraints.

Furthermore, paradigms such as region-based methods and DB control have further
enhanced FSMPC’s efficiency. Region-based techniques use Voronoi diagrams to bypass
exhaustive searches, while DB control predicts system states to minimize errors within
a single sampling period. These methods, alongside hybrid strategies, ensure FSMPC’s
adaptability to increasingly complex and demanding applications, such as electric vehicles
and renewable energy.

These advancements promise not only to refine predictive control methodologies but
also to extend their application to more complex and demanding multi-phase drive systems.
This evolution underscores the ongoing innovation and dynamic problem-solving required
to meet the challenges of modern power electronics.
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