
10846 IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 40, NO. 8, AUGUST 2025
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Model-Free Predictive Control on Motor Drives
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Abstract—Model-free predictive control (MFPC) is an essen-
tially robust strategy in motor driving systems, garnering signif-
icant attention and research. However, the existing literature lacks
a comprehensive analysis of data-driven model design, a critical
aspect that directly impacts prediction accuracy and control per-
formance of MFPC. This article innovatively categorizes MFPCs
used in motor drives based on data-driven models, systematically
investigating various model structures and updating algorithms,
and organizes and compares the characteristics of each model. In
particular, the challenges faced by MFPC and potential future de-
velopments are delved deeply, presenting insights and perspectives
that hopefully facilitate future research work in this area.

Index Terms—Adaptability, data-driven model, estimation
algorithm, model-free predictive control (MFPC), motor drives.

I. INTRODUCTION

W ITH the rapid development of modern industry and the
transportation electrification, motor drives have taken

on a pivotal role, and the demand for high-performance control
strategies has become even more critical . However, the com-
plex dynamic characteristics and nonlinear behaviors of motors,
combined with the effects of external disturbances and internal
parameter changes, pose significant challenges to the control
strategy for motor drives [1]. To address these challenges, re-
searchers are constantly exploring new control strategies. Model
predictive control (MPC), as an advanced control method, has
attracted widespread attention in the field of motor drives [2].
MPC employs plant’s model to predict future outputs by the
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Fig. 1. Development of the predictive control [6]. (a) MBPC framework.
(b) Adaptive learning MPC framework. (c) Robustness-enhanced MPC frame-
work in motor drives. (d) Model-free predictive control framework in motor
drives.

rolling optimization (also named receding horizon) concept,
and selects the optimal control vector to achieve the desired
control objectives. This method can not only effectively handle
the multiobjective optimization and uncertainty of the system,
but also achieve high-performance control effects in complex
environments [3].

A. Historical Development for Robustness Enhanced MPC
From Prediction Model Perspective

As mentioned previously and as shown in Fig. 1(a), MPC is
established and developed based on the fundamental assumption
that the mathematical model of the plant is accurately known.
Therefore, it can also be referred to as model-based predictive
control (MBPC). However, mathematical models often deviate
from real systems, particularly in motor drive systems, which are
influenced by various operating conditions and environmental
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Fig. 2. Implemental principle from MBPC to MFPC.

factors, such as environmental temperature fluctuations, mag-
netic field coupling, and core saturation. This results in persistent
nonlinear dynamic changes in the real system, potentially lead-
ing to weak robustness in the control system, and in extreme
cases, instability or safety accidents [4]. This poses a serious
issue that necessitates resolution in high-end applications [5].

To address this issue, the adaptive learning module within the
learning MPC framework, as shown in Fig. 1(b), incorporates
mechanisms for parameter identification and state observation,
as shown in Fig. 1(c) [6]. These improvements aim to en-
hance the robustness of MBPC. Parameter identification-based
predictive control dynamically estimates physical parameters
online, substituting outdated values in the model [7]. Examples
include the online identification using the long-term memory
recursive least-squares (RLS) algorithm and flux linkage maps
in [8]. Concurrently, observer-based predictive control, such
as extended state observer (ESO) in [9], disturbance observer
(DOB) in [10], and sliding mode observer (SMO) in [11], all
consider the negative impact resulting from parameter mismatch
as a disturbance. By conducting online observations, accurate
estimations of state variables can be achieved, and the system
model can be adjusted to mitigate the adverse effects caused by
fair robustness [12]. Although these strategies enhance system
robustness by mitigating the effects of parameter mismatches,
they remain within the MBPC framework and do not completely
eliminate the negative impacts.

B. Principle and Current State of Model-Free Predictive
Control (MFPC)

MFPC represents a fusion of model-free control techniques
and predictive control methodologies. The foundational imple-
mental principle of MFPC is illustrated in Fig. 2, in which the
prediction model is crucial as it describes the motion characteris-
tics of the plant and predicts future operating path and states. The
primary improvement in MFPC is the prediction model. This
approach abandons the reliance on the physical model, instead
favoring a data-driven model as depicted in Fig. 1(d), aiming to
mitigate the presence of physical parameters and their potential
negative impacts [13], [14]. The cornerstone of achieving im-
proved adaptability lies in the careful selection of the model and
the estimation of its coefficients. Among the various data-driven
models available for motor drives, including but not limited to
ultralocal, time-series, and dynamic linearization models, each

Fig. 3. Simple summary of predictive control with different models.

choice brings unique features and challenges to the realized
MFPCs [15]. For a simple comparison between MBPC and
MFPC, Fig. 3 provides a straightforward visualization of their
fundamental principles. The following is a brief introduction of
some typical models in motor drives.

The ultralocal model enjoys widespread adoption in motor
drives due to its straightforward implementation and concise
structure within the first-order framework [16]. Instead of han-
dling individual unknown terms of the system separately, this
model lamps them into a single variable, which online estimates
by algebraic algorithms or discrete-time observers, to main-
tain adaptability [17]. To accommodate varying motor drive
demands, the model is refined into a high-order form in [18],
advanced form in [19], and affine form in [20]. For enhanced
objective quality and prediction precision, multivector selections
are adopted within each sampling period, respectively, based on
the repetitive predicted ultralocal model [21]. This model’s ver-
satility extends to its simultaneous application in both inner and
outer control loops, resulting in improved motor drive dynamics
and reduced ripples when paired with a quasi-resonant term [22].

The time-series model characterizes the motor driving system
as a collection of discrete-time transfer functions, considering
the time property of mechanical and inertial components. This
class of models encompasses many types, chief among them
autoregressive with exogenous input (ARX) and autoregressive
moving average (ARMA) [23]. The coefficients of these models
are grouped and typically estimated using RLS and its derived
algorithms. Based on the ARMA model, a secondary controller
is automatically designed, and the control strategy is improved
as a two-degree-of-freedom to flexibly adjust the performances
in motor drives. However, implementing this model necessitates
cautious processor allocation to prevent overrun errors [24].

Utilizing the current gradients associated with candidate vec-
tors, a lookup table (LUT) is listed in MFPC to reflect the opera-
tional tendencies and skip the physical terms and nonlinearities
of the motor drives. Assuming a similarity between past and
future signal gradients, the prediction process can extend into
future sampling periods. The design of these tables is flexible, as
exemplified in [25], where 2-D tables are constructed to enhance
data capacity and improve adaptability. Since this modeling
approach relies on signal gradients solely, the stagnant effect
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Fig. 4. Classification diagram of some typical data-driven models.

hinders model adaptability and objective quality, particularly
when the system employs a low updating frequency or crude sen-
sors. This stagnation poses a significant challenge to enhancing
control performance, and recent research has tackled this issue
from diverse perspectives [26], [27].

Excepting the aforementioned data-driven models, there ex-
ist numerous other data-driven models suitable for MFPC in
motor drives, such as the dynamic-linearization model [28],
nonparametric current model [29], generalized universal model
(GUM) [30], and the models derived from white-box [31]. As
motor operating states become more complex, the requirements
for a flexible modeling process become paramount. One viable
method is the utilization of multiple models, where a set of
models is developed for various operating states, and the optimal
model is chosen based on a switching strategy that minimizes
errors [32]. Nonetheless, motor drives with limited processor
resources cannot accommodate numerous data models, limiting
their adaptability to complex operating states. To address this,
adaptive data-driven models, such as the adaptive ultralocal-
ized time-series model presented in [33], are devised, featuring
online-adjusted structures to enhance flexibility. In addition,
some neural networks (NNs) are employed to describe motor
behavior, including artificial neural networks (ANNs) in [34] and
recurrent neural networks (RNNs) in [35]. However, large-scale
implementations are hampered by the significant computational
burdens and theoretical upper bounds of accuracy in NNs.

This article offers a comprehensive overview of the funda-
mental implementations of major data-driven models in MFPC
for motor drives. The classification diagram is shown in Fig. 4.
The various model structures, implementation types, and their
adaptabilities in representing the motor system are analyzed in
detail. Given the vastness of the field, not all research activities
can be mentioned, but the authors strive to encapsulate the major
advancements of the past several years. The unique contributions

of this article include: a fresh perspective on MFPC from the
predictive control theory, a novel classification of MFPCs based
on data-driven model structures, a comprehensive summary of
MFPC research, which fills gaps in the existing literature, and
the challenges faced and future developments are delved deeply,
presenting insights and perspectives.

II. BASIC IMPLEMENTATIONS OF MBPC

When it comes to motor drives, MPC is primarily categorized
into three distinct types: predictive current control (PCC), pre-
dictive torque control (PTC), and predictive speed control (PSC),
according to the primary objective of the system. Therefore,
there are three main categories of MPC on motor drives: pre-
diction models (MBPC and MFPC), implementation methods
(FCS-type and CCS-type), and control objectives (PCC, PSC,
and PTC). To simplify the discussion, the following implemen-
tations are introduced based on the PCC strategy in a permanent-
magnet synchronous motor (PMSM) driving system, aiming to
realize inner loop current control, and the other strategies and
motor types have similar processes.

A. FCS-Type MBPC Implementation

The physical model of the PMSM can be expressed as the
following functions of stator voltage usx:{

usd = Rsisd + Lsd
disd

dt − Lsqωrisq
usq = Rsisq + Lsq

disq
dt + Lsdωrisd + ωrψm

(1)

where Rs is the stator resistance, Lsx is the stator inductance,
in which the subscripts x reflect the variable components of d
or q, ψm is the magnet flux linkage, isx is the stator current, and
ωr is the electrical angular velocity.

Based on the sampling periodTs, the model can be discretized
by the forward Euler algorithm to predict the state variables to
the next sampling period⎧⎪⎨
⎪⎩
isd(k + 1) = (1− RsTs

Lsd
)isd(k) +

Lsq

Lsd
Tsωrisq(k) +

Ts

Lsd
usd

isq(k + 1) =

(1−RsTs

Lsq
)isq(k)−Tsωrisd(k)− Lsd

Lsq
ψmωrisd(k)+

Ts

Lsq
usq

(2)
where isd(k) and isq(k) are the discrete-time stator currents at
the kth sampling period. When parameter mismatches occur,
additional error terms, including ΔRs, ΔLsx, and Δψm, are
introduced into the model, and these error terms result in extra
prediction errors for future currents⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

Δisd(k + 1) = RsΔLsd−LsdΔRs

Lsd(Lsd+ΔLsd)
Tsisd(k)+

ΔLsqLsd−ΔLsdLsq

Lsd(Lsd+ΔLsd)
Tsωrisq(k) +

ΔLsdTs

Lsd(Lsd+ΔLsd)
usd

Δisq(k + 1) =
RsΔLsq−LsqΔRs

Lsq(Lsq+ΔLsq)
Tsisq(k)−

Lsq(ψmΔLsd+ΔψmLsd+ΔψmΔLsd)
Lsq(Lsq+ΔLsq)

ωrisd(k)+
LsdψmΔLsq

Lsq(Lsq+ΔLsq)
ωrisd(k) +

ΔLsqTs

Lsq(Lsq+ΔLsq)
usq.

(3)

According to the primary objective of the PCC strategy, its
cost function is usually designed as

J=(isd(k + 1)−i∗sd(k + 1))2+μ(isq(k + 1)−i∗sq(k + 1))2

(4)
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where μ is the weighting factor, and i∗sd(k + 1) and i∗sq(k + 1)
are the future current references on the d- or q-axes.

In the FCS-type, all candidate vectors will be substituted into
the cost function in turn. The vector that obtains the minimum
cost function value can realize the minimum target error, that
is, this vector can be regarded as the optimal vector for the
driver’s operation [2]. To accommodate complex prediction
models or long prediction horizons, incorporating advanced cost
function minimization methods can be beneficial. Some options
to consider include the preliminary election method in [36],
sphere decoding in [37], and k-best sphere decoding in [38].
These methods have the potential to decrease the computational
load and free up more processor resources.

B. CCS-Type MBPC Implementation

To realize the CCS-type, a group of control functions is re-
quired to generate modulation waves. Taking partial derivatives
of stator voltage components in the cost function, and making
their results zero, the control function is expressed as follows
based on the discrete-time model of motors:{

∂J
∂usd

= 0
∂J
∂usq

= 0

⇒

⎧⎪⎨
⎪⎩
usd = (Rs − Lsd

Ts
)isd(k + 1)− Lsdisq(k + 1)ωr

usq = (Rs − Lsq

Ts
)isq(k + 1) + Lsqisd(k + 1)ωr

+Lsqψmωr +
Lsq

Ts
i∗sq(k + 1)

(5)

where the optimal solution is found in each sampling period,
and this is a dynamic process that adapts to changing system
conditions. A modulation, such as space vector modulation, is
required to generate pulses and make the motor drives reach the
objectives [39].

C. Robustness Analysis

No matter under the FCS or CCS-type conditions, according
to (1) and (5), they both contain some time-varying physical
parameters, such as stator resistance Rs, stator inductance Lsx,
and magnet flux linkage ψm. These parameters are the basic
reason for the weak robustness in MBPC.

Under the conditions of a changing load torque from 0 to
11.5 N·m and a speed from 1000 to 1500 r/min with a fixed
sampling period of 62.5μs, Fig. 5 shows the experimental wave-
forms obtained by CCS-type MBPC with and without a group of
parameter mismatches, operated on all physical parameters and
their components on the dq-frame. As shown in Fig. 5(a) and (b),
this strategy can stably operate following the reference and
resisting the disturbances. Due to the limited bandwidth of the
outer loop, the dynamics do not have significant improvements in
the experiments. Selecting the parameter mismatching condition
for the experiments as follows: resistance is set to 0.5 times
its rated value, d- and q-axes inductances are both set to 2 times
their rated values, and permanent-magnet flux is set to 0.5 times
its rated value. As shown in Fig. 5(c) and (d), when the parameter
mismatches are acting on the system, the current quality has

Fig. 5. Experimental waveforms of CCS-type MBPC. (a) Waveforms without
parameter mismatches. (b) Waveforms with parameter mismatches. (c) Current
distributions without parameter mismatches. (d) Current distributions with pa-
rameter mismatches.

an obvious negative influence, due to the combined effects of
multiple parameter mismatches, particularly inductance errors,
validating the aforementioned weak robustness.

Regarding the FCS-type and CCS-type MBPCs, the only
difference lies in the process of cost function minimization.
Since the prediction model used in the prediction process is the
same for both CCS and FCS-type MBPCs, the prediction errors
in (3) are inserted into the prediction values for both methods. A
similar trend of change could be observed in the case of FCS-type
MBPC, indicating that both methods are affected by parameter
mismatches in a similar manner.
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D. Simple Extension of Other Control Types and Motor Drives

The speed and torque controllers are also crucial in the general
motor driving system. For example, in the case of PSC for the
motor drives, the physical model is extended as

dx
dt

= h(x,u) (6)

where

x = [isd, isq, ωr]
T

u = [usd, usq]
T

h(x,u) =

⎡
⎢⎣
− Rs

Lsd
isd +

Lsq

Lsd
ωrisq +

1
Lsd

usd
− Rs

Lsq
isq − Lsd

Lsq
ωrisd − ψm

Lsq
ωr +

1
Lsq

usq
1.5p2

J (ψmisq + (Lsd − Lsq)isdisq)− B
J ωr

⎤
⎥⎦
(7)

in which B is the friction coefficient, J is the rotor inertia, and
p is the number of pole pairs.

This model reveals that certain parameters for the speed con-
troller, such as B and J in (7), are more challenging to acquire.
Although the following analyses are specifically conducted
based on PCC, the results can be extended for applications in
PSC and PTC, areas where MFPC also good at [40].

Furthermore, the review work is not limited to the three-phase
frame. In addition to typical motor types, some multiphase motor
drives and special motors are also taken into consideration.
However, parameters for harmonic subspaces in multiphase
motors, such as xy leakage inductance Lls in (8), are difficult to
obtain accurately. Nevertheless, MFPC can also be effectively
applied in these scenarios.⎡

⎢⎢⎣
usα
usβ
usx
usy

⎤
⎥⎥⎦ = Rs[I4×4]

⎡
⎢⎢⎣
isα
isβ
isx
isy

⎤
⎥⎥⎦+

⎡
⎢⎢⎣
Lαα Lαβ 0 0
Lβα Lββ 0 0
0 0 Lls 0
0 0 0 Lls

⎤
⎥⎥⎦
⎡
⎢⎢⎣
i̇sα
i̇sβ
i̇sx
i̇sy

⎤
⎥⎥⎦+ ψm

⎡
⎢⎢⎣

cos(θr)
sin(θr)

0
0

⎤
⎥⎥⎦ . (8)

III. DATA MODELS BASED ON DIRECT DATA

According to the implemental principle of MFPC in Fig. 2,
it is apparent that the physical model has been superseded by
a data-driven model. For FCS-type predictive control in the
aforementioned PMSM drives, this model requires capturing
the intricate causal relationship between voltage and current,
and employing a cost function to identify the optimal control
vector. Besides, the CCS-type emphasizes the causal link from
current to voltage, leveraging a control function powered by an
intersection algorithm to generate control signals. Ultimately,
the success of achieving the desired control objectives lies in
the model adaptability, relating to the model structure and its
estimation algorithm.

This section primarily discusses the ultralocal model, time-
series model, and subspace model. In addition, there are other

data-driven models within this category that can be utilized for
motor drive systems, such as the incremental voltage prediction
model in [41], the nonparametric prediction model in [29], and
Koopman operators in [42].

A. Ultralocal Model (Hyperlocal Model)

1) Model Structure: For an n-order SISO system, it can be
described as the following full-form ultralocal in theory:

ι0
dnx
dtn

+ ι1
dn−1x

dtn−1
+ · · ·+ ιn−1

dx
dt

+ ιnx+ F

= γ0
dmu

dtm
+ γ1

dm−1u

dtm−1
+ · · ·+ γm−1

du
dt

+ γmu (9)

where x (= is = [isd, isq]
T ) is the state signal, which equals to

the output signal of y in the models, u (= us = [usd, usq]
T )

is the input signal, and F = [Fd, Fq]
T is the lumped variable

summarizing the other unknown terms of the plant.
For the motor drives, the ultralocal model requires real-time

implementation. This model is mainly simplified into three
distinct forms: basic form, advanced form, and affine form, listed
as follows:

dnx
dtn

= γu+ F (10)

dnx
dtn

= γu+ ιx+ F (11)

dnε
dtn

= γu+ F 0 + F 1ε+ εTF 2ε+ · · · (12)

where γ is the input gain, ι is the state gain, F 0,F 1,F 2, · · · are
the affine operators, and ε is the normalized tracking error of
input signals. Unlike the basic and advanced forms, the affine-
form tries to incorporate more components of the state variable
into a single, comprehensive model.

2) FCS-Type Implementation: To implement MFPC utiliz-
ing ultralocal approaches in the FCS-type, the model must be
established first. For the nonzero input gain γ, this value directly
impacts the robustness and steady-state performance of the sys-
tem [43]. There are two types of calculation methods: offline and
online [44], [45]. Offline schemes are commonly adopted due to
their simplicity, converting the physical model into an ultralocal
form and treating the term related to the input signal as the
gain value [46]. Although the input gain may encompass some
physical parameters, in practice, it is considered a nonphysical
constant, and the time-varying parameters and their impacts are
not factored into this value [47].

Regarding the lumped variable of F , it can be estimated
using algebraic algorithms or observers. The former primarily
includes algebraic parameter identification [48], [49], signal
differences [50], and the RLS algorithm [51]. The latter has been
extensively studied in recent years, such as ESO in [52], SMO
in [12], Luenberger observer in [53], and nonlinear observer
in [54]. These observers treat the negative impacts of parameter
mismatches as disturbances and compensate for them accord-
ingly. Of course, there are also advanced observers, such as linear
disturbance observers [55] and harmonic injection ESOs [56],
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Fig. 6. Experimental results of CCS-type MFPC using ultralocal with param-
eter mismatches. (a) Experimental waveforms. (b) Current distributions.

which aim to achieve better compensation results and control
performance.

During the prediction process, when an observer is employed
for estimation, predicted variables are derived using discrete-
time formulas and substituted into the cost function to find the
optimal vector. The consideration of time shift can be utilized
to realize the prediction process in algebraic algorithms.

3) CCS-Type Implementation: In the CCS-type systems,
once the updated model is implemented, MFPC utilizing ul-
tralocal techniques often requires employing the intelligent
proportional-integral-derivative (iPIDs) structure in [57] and
[58] to generate control functions

us = − 1

γ

(
F − d2i∗s

dt2
+ kpε+ ki

∫
ε+ kd

dε
dt

)
(13)

where kp, ki, and kd are the usual tuning gains. For general
motor driving systems, an intelligent proportional (iP) structure,
coupled with modulation techniques, is to produce suitable
control signals without any negative impacts on the dynamics
of the control strategy, preserving the core advantage of MPC
due to the infinite bandwidth of the iP structure [47], [59]. How-
ever, when the integral term is included in the iPID structure,
the bandwidth may be affected if no special process such as
the switched MFPC in [32] is used, potentially compromising
the dynamic performance.

Since MFPCs do not include any physical parameters in the
updating and prediction processes, their robustness is validated
by the training data of the initial data-driven model (i.e., ul-
tralocal in this section) obtained by the MBPC with parameter
mismatches, where these mismatches are consistent with the
conditions outlined in Fig. 4(b). For the CCS-type MFPC using
ultralocal, the experimental waveforms and the current distribu-
tions are shown in Fig. 6, within the steady state. As shown in the
figures, the current quality almost unaffected by the mismatches,
and effectively enhance the robustness.

4) Challenges of Implementation: There are two significant
challenges in implementation: input gain selection and iPID gain
selection.

Taking the driving system in Section II as an example, in
the CCS-type, the experimental waveforms of MFPC using
ultralocal and the continuous Fourier analysis results are shown

Fig. 7. Experimental waveforms of CCS-type MFPC using ultralocal (ω∗
r of

500 r/min, TL of 11.5 N · m). (a) Waveforms with an input gain of 6500.
(b) Waveforms with an input gain of 10500. (c) Continuous Fourier analysis
results.

in Fig. 7. They show that the input gain has an obvious influence
on the objective quality. Furthermore, Fig. 8 shows that the
optimal value of the input gain changes under different operating
conditions, such as different load torque and speed references.
Therefore, an adaptive approach for input gain is necessary for
MFPC to enhance model adaptability and prediction accuracy.

If the iP structure is employed in the CCS-type system, only
one gain is required, which can be readily determined through
repetitive experimental outcomes. However, to achieve superior
tracking errors and dynamics comprehensively, an iPID or a
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Fig. 8. Objective quality with different input gains and operating conditions
by MFPC using ultralocal in experiments.

more intricate structure is necessary, such as the switching
ultralocal based on an exponential-like function in [32]. These
structures necessitate the tuning of additional gains, and the
complexity of the selection process is challenging to implement
within the control strategy.

B. Time-Series Model

1) Model Structure: The fundamental structure of the time-
series model is ARX, which is expressed as follows [23]:

Gx(z
−1)xj(k) =

lu∑
i=1

Gu,i(z
−1)u(k) (14)

in which{
Gx(z

−1) = α0 + α1z
−1 + · · ·+ αmz

−m

Gu,i(z
−1) = β0,i + β1,iz

−1 + · · ·+ βn,iz
−n (15)

where xj is an element of x, lu and lx are the length of u and
x, respectively, αm and βn,i are the model coefficients, and m
and n are the model orders (or orders for the polynomials). α0

is always selected as 1 to ensure the causality of the plant.
For the ARMA model, the input signal has an extra require-

ment of⎧⎨
⎩
E(ui(k)) = 0, E(ui(k1)ui(k2)) = 0(i ∈ 1, . . . , lu)
E(ui(k1)xj(k2)) = 0(∀k1 < k2, j ∈ 1, . . . , lx)
α0 �= 0, β0,i �= 0

(16)

where E(.) is the expected value of the variable. To fulfill this
requirement, the state variables can be selected as ε in MFPC
using ARMA. For simplicity in modeling, this model can be
reduced to AR(1) and MA(1), respectively.

2) FCS-Type Implementation: The suitable coefficients of
the model are crucial for achieving good adaptability in the
time-series model. To estimate these coefficients online, the
RLS algorithm is typically employed based on grouped sam-
pled data and coefficients [60]. However, the relatively slow
convergence rate of the RLS algorithm poses a challenge to
its adaptability. A normalized least-mean-square (NLMS) al-
gorithm is introduced to reduce computational burdens and
enhance the convergence rate. In addition, a recursive gradient
correction (RGC) algorithm is designed specifically for the
ARMA model, aiming to further minimize the computational
burden.

During the establishment and updating process of the time-
series model, the following time-shift consideration is always
employed to predict the state variables to a future sampling
period, confirming the preset prediction horizon

αm(k + 1) ≈ αm(k), βn,i(k + 1) ≈ βn,i(k)

⇒ xj(k + 1) = α0xj(k) + · · ·+ αmxj(k −m+ 1)+

lu∑
i=1

(β0,iui(k + 1) + · · ·+ βn,iui(k − n+ 1)) (17)

in which ui(k + 1) is the candidate vectors, and the future
xj(k + 1) is adopted to join the cost function calculation.

3) CCS-Type Implementation: There are two approaches to
realizing MFPC using time series in the CCS-type: the reverse
causality model and the ultralocalization model. The former in-
volves swapping the positions of state signals and input signals in
(14). Within the context of time-shift considerations, ui(k + 1)
is substituted with its future references obtained through the
Lagrange algorithm. The latter approach adjusts the model
structure in (14) to resemble the ultralocal model in (10) after the
estimation process is complete. The iP structure in (13) can then
be utilized to generate control signals, where the proportional
gain is selected using the particle swarm optimization (PSO)
algorithm in an auxiliary processor [33]. One advantage of the
latter approach is that both γ and F in (10) are automatically
calculated at the same time by the RLS algorithm, thereby indi-
rectly addressing the challenge of the MFPC using the ultralocal
model [61].

4) Challenges of Implementation: Two significant imple-
mentation challenges lie in the low converging rate of the
estimation algorithm and the selection of orders under limited
processor resources, respectively.

For the former, under parameter mismatches, Fig. 9 presents
the experimental waveforms for MFPC using ARX of [n = 2,
m = 2], including the converging process of some coefficients
within two transient-states. As shown in the figures, on the
one side, the enhanced robustness is validated effectively. On
the other side, these coefficients exhibit a comparatively slower
convergence rate than the currents, indicative of reduced model
adaptability during the convergence process. Although the ac-
celerated estimation algorithms of NLMS and RGC have better
convergence rates, these algorithms still necessitate an improve-
ment to fully prevent possible instability within the transient
states.

For the latter, Fig. 10 shows the experimental waveforms of
MFPC using ARXs with different orders, and their accumulated
objective errors. As shown in the figures, different orders are
applicable to changing operating states. During two operating
states within continuous 16 000 sampling points in simulation,
Fig. 11 further shows the accumulated objective errors of ARXs
with different orders in a wider range, showing the requirements
for orders vary under different operating conditions, necessi-
tating an adaptive approach to order selection. However, the
computational times of these strategies are tested in Fig. 12 in the
CCS and FCS-types, respectively, in which the program of the
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Fig. 9. Experimental results of CCS-type MFPC using ARX of [n = 2,
m = 2 ] with parameter mismatches. (a) Experimental waveforms. (b) Current
distributions. (c) Converging process of model coefficients within the changing
load torque from 0 to 11.5 N· m. (d) Converging process of model coefficients
for changing reference from 500 to 1000 r/min.

FCS-type result is fine-processed to reduce the computational
burdens as far as possible. Despite being affected by randomness,
the results show that an upper bound of orders should be carefully
considered in the implementation of MFPC using time series
for motor drives, to prevent overrun errors. Furthermore, this
strategy is more suitable in the CCS-type since the FCS-type
implementation requires repetitive estimation processes based
on different candidate vectors, generating rigorous requirements
for the processor resources.

C. Subspace Model

To derive a subspace model, the collection of state signals
and input signals is structured using Hankel matrices, denoted as
H (uc) and H (xc), respectively, based on the prediction hori-
zon N . These matrices are partitioned into past and future sub-
blocks, i.e., [Up,Uf ]

T = H (uc) and [Xp,Xf ]
T = H (xc),

which can be solved using the least-squares algorithm. The
subspace model is then constructed as an ARX predictor through
singular value thresholding [62]

xf = Pw(up,xp)
T + P uuf (18)

Fig. 10. Experimental results of CCS-type MFPC using ARX. (a) ARX of
[n = 1, m = 1]. (b) ARX of [n = 2, m = 2]. (c) Accumulated errors within a
typical transient state. (d) Accumulated errors within a typical steady state.

where up and xp are the past input and state signals, and
uf and xf are the future input and state signals, respectively.
Pw and P u involve past and future elements of Hankel ma-
trices, computed by solving the least-squares problem [63].
When a short prediction horizon is set in MFPC, the subspace
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Fig. 11. Accumulated current errors with different orders in MFPC using time
series in simulations. (a) Operating state 1. (b) Operating state 2.

Fig. 12. Computational times with different implementations and model or-
ders.

model can be approximately regarded as ARX, where all ele-
ments in the matrices are considered as discrete-time signals.
Therefore, their implementations and challenges are largely
analogous.

IV. DATA MODELS BASED ON DATA GRADIENTS

For the predictive control based on direct data, according
to the quadratic programming (QP)-type cost functions in the
control theory of MPC, the optimal control function can be trans-
formed into a proportional form, which fails to fully eliminate
static errors. If an incremental model is employed in the predic-
tive control, an integral calculation of u(k) =

∑
iΔusx(i) is

incorporated into the control functions to mitigate static errors.
Hence, suitable data-driven models grounded in data gradients
are sought in MFPC to enhance model adaptability.

This section mainly focuses on the LUT and dynamic-
linearization model. In addition, within this category, there
are also several other data-driven models that can be ap-
plied to motor drive systems. These include the GUM
in [30], the incremental-type ultralocal model in [64], the self-
commissioning model in [65], and various models based on
variable slopes in [66] and [67].

Fig. 13. Basic principle of LUT implementation.

A. Lookup Table (LUT)

1) Model Structure and FCS-Type Implementation: In the
MFPC using the LUT, all gradients of x by candidate vectors
are summarized in a table to approximately derive the future x
from the measured data and their corresponding gradients. This
table at the (k-1)th sampling period is viewed as a representation
of future results and substituted into the cost function to identify
the optimal solution. As illustrated in Fig. 13, taking the vector
V2 as an example, the element is updated whenever this vector
is selected as the optimal choice, maintaining the adaptability of
the LUT [68].

Fig. 14 shows that the experimental waveforms of the FCS-
type MFPC using the LUT, in which Fig. 14(b) is implemented
at 2fsample = fupdating, to forcibly set some extra continuous
stagnations (i.e., the stagnation appears within two intervals con-
tinuously at least). The current quality has an obvious decrement
compared with the strategies in the CCS-type. The reason is that
excepting the negative impacts on all harmonic content incre-
ments caused by the variable switching frequency in FCS-type,
the stagnation effect is also an important influencing factor due to
the modeled data gradients, and this challenge will be discussed
in the following section in detail.

2) Challenges of Implementation: The stagnation effect rep-
resents a significant challenge for the MFPC using the LUT.
Here is the definition for the stagnation and its effects [69]: The
stagnation arises due to limitations in low updating frequency,
causing the data to remain static across continuous sampling
periods. This restricts the model’s adaptability, impeding its
ability to comprehensively capture the plant’s operating states.
Specifically for LUT-based MFPC, its stagnation is due to the
fact that only the optimal elements are updated during each
sampling period, while other elements are not operated upon.
Consequently, the stagnation effect adversely affects the quality
of the control strategy.

Two types of antistagnation approaches address the stagnation
effect: the direct and the indirect methods. The former tackles the
issue by enhancing the updating frequency, at the cost of a higher
possibility of suboptimal selections and additional prediction
errors. For instance, in the method in [70], if a base voltage is
not applied for a predefined time window, the voltage vector is
forcedly set as the next voltage reference. In [71], two contiguous
measured current gradients due to the applied voltage vectors are
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Fig. 14. Experimental results of FCS-type MFPC using the LUT. (a)
Waveforms with fsample = fupdating. (b) Waveforms with 2fsample = fupdating.
(c) Current distributions with fsample = fupdating. (d) Current distributions with
2fsample = fupdating.

Fig. 15. Sketch diagrams of some improved LUT implementations. (a) Method
in [71]. (b) Method in [73].

used to estimate the current gradients for all candidate voltage
vectors, as shown in Fig. 15(a). This keeps the current gradient
information up to date and addresses the stagnation problem.
The latter, the indirect method, focuses on reconstructing LUTs
indirectly. The methodology in [26] updates LUTs based on
mathematical relationships between inverter input voltages. By
knowing the last three current variations, it enables an approxi-
mate update of other LUT elements. In [72], a real-time update
frequency is implemented to refresh the current difference upon
detection, thus preventing stagnation. Furthermore, an extended
LUT updating mechanism is introduced in [27] to generate
synthetic vectors composed of double vectors and stored in the
tables. This mechanism is advanced to synthetic triple vectors
in [73] to further mitigate the adverse effects of stagnations, as
shown in Fig. 15(b). To eliminate the stagnation effect entirely,
an antistagnation mechanism with enhanced reliability and per-
formance is presented in [74], effectively improving prediction
accuracy by utilizing a pair of antiphase vectors and correspond-
ing current variations, avoiding update stagnation. Moreover,
the predicted slopes of current vector components are utilized
in the prediction and voltage vector selection processes in [75].
Notably, this methodology does not employ LUTs for inverter
switching configurations, which does not face the stagnation
effect.

Two typical anti-stagnation methods are selected, one direct
(from [71]) and one indirect (from [27]), as examples to demon-
strate their effectiveness. These two methods are applied to the
typical LUT-based MFPC under identical conditions. Both direct
and indirect methods are able to mitigate the negative effects of
stagnation, and their continuous Fourier results are illustrated
in Fig. 16. The direct method in [71] calculates the remaining
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Fig. 16. Comparison of continuous Fourier results for LUT-based MFPC with
different antistagnation methods.

current gradient based on the updated gradient of vectors applied
in the past three cycles. However, if these vectors remain the
same for three consecutive cycles, the method may become
ineffective, limiting the optimization of current quality. Con-
sequently, this method brings in some extra prediction errors,
resulting in a larger total harmonic distortion range.

In addition, as a supplement to the stagnation effect, previous
research has primarily focused on LUT-based MFPC, both direct
and indirect methods. However, other MFPCs also be affected
by stagnation, albeit to varying degrees [69]. Specifically, the
single model structure (data gradient) that use data gradients
to update results, such as LUT and GUM, may experience
static process within continuous intervals, leading to estimation
errors and compromising system stability. In contrast, the single
model structure (direct data) that use direct data updates, such as
ULM and time series, continue to update the model even if the
sample data are continuously the same, which can be seen as an
increase in the control horizon. Therefore, while the single model
structure (direct data) does not face the same severe stagnation
as the single model structure (data gradient), it still experiences
some impact on their operating performance.

B. Dynamic-Linearization Model

Dynamic linearization is an earlier model within MFPC and
model-free adaptive predictive control with adjustable models,
recently always employed to describe large-scale systems. Based
on the pseudopartial derivative (PPD) principle, this model
primarily characterizes the system in three forms: compact
form, partial form, and full form, which are listed as follows
[76], [77]

Δx(k + 1) = φc(k)Δu(k) (19)

Δx(k + 1) = φTp,lu(k)Δu(k) (20)

Δx(k + 1) = φTf,lx,lu(k)ΔH lx,lu(k) (21)

where φc(k), φTp,lu(k), and φTf,lx,lu(k) are PPD time-varying
vectors, including all unknown terms of the plant and ensuring

Fig. 17. Sketch diagram of MFPC using full-data multimodels [79].

bounded system at any time within operating process.H lx,lu(k)
is a sliding window for the input signal. To consider the residual
nonlinear uncertainties Θ(k) of the model, the model is im-
proved as [78]

Δx(k + 1) = φc(k)Δu(k) + Θ(k). (22)

Furthermore, as the models are updated based on data gra-
dients, the stagnation effect also impacts the control quality in
MFPCs inevitably.

V. TRANSITIONAL MODEL STRUCTURES (FULL-DATA

MULTIMODELS)

The multimodel approach is an effective method for gen-
erating a transitional model in predictive control, considering
more operating states of the plant, and its flexibility is at an
intermediate level between the single data-driven model men-
tioned previously and the flexible model in the next section. The
implementing key is changed from model estimation to smooth
switching for multimodels. However, this idea is difficult to re-
alize in actuality for data-driven, due to the heavy computational
burdens in the updating and prediction processes in MFPC.

A typical method is a multimodel switching predictive control
in [79] for active fault tolerance of motor drives. As shown
in Fig. 17, the data-driven model is divided into three parts:
reinitialized adaptive model, free-running adaptive model, and
multimodels set. For the multimodels set, there are p∗ time-series
submodels that describe different operating states of the plant,
where the number of p∗ submodels is determined by subtrac-
tion clustering. The free-running adaptive model with online
updating coefficients is established to ensure stability, and the
reinitialized adaptive model is used to improve the convergence
rate. In addition, a model switching scheme is designed based on
the output error, to determine which scheme has the strongest
adaptability to the plant property, aiming to update the three
parts of the model.

Due to resource constraints and the complexity of imple-
menting multimodels, some simulation results are conducted in
Fig. 18, which show the waveforms of speed, q-axis current, and
A-phase current, to demonstrate the feasibility and performance.
These results demonstrate that the model can successfully track
the reference and resist disturbances. Since the initial data are
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Fig. 18. Simulation results of multimodel-based MFPC.

Fig. 19. Sketch diagram of MFPC using neural networks.

generated by the MBPC with parameter mismatches, the ro-
bustness of the system is validated. Regarding the feasibility of
transitional models, they have potentiality to integrate multiple
same data models, different data models, and even data-physical
models, enhancing the model’s adaptability compared to single-
model MFPCs.

VI. FLEXIBLE MODELS USING NEURAL NETWORKS

Due to the superiorities of NNs including strong nonlinear
mapping ability, high adaptability, and good prediction accu-
racy, this kind of model is valuable in MFPC [80]. Its sketch
diagram is shown in Fig. 19. Such as the RNN in [81], this
model relies solely on the identification of motor drive signals,
disregarding the need for parameter considerations, leading to
remarkable dynamics and minimal tracking errors. In addition,
an integration-enhanced noise-tolerant zeroing neural network
(ZNN) is designed in [82] specifically for robotic arm motors,
effectively mitigating the impacts of severe noise. Furthermore,
a state-space neural network (ssNN) is introduced in [83] for
MFPC, where all weights are optimized via the PSO algorithm,
facilitating faster convergence. By leveraging reinforcement
learning, MFPC also achieves totally model-free effectively en-
hancing robustness. Furthermore, combining with the reinforce-
ment learning, the event-driven method offers the potential to
address long-standing research challenges, as discussed in [84].
In [85], a two-step event-driven MFPC strategy is designed by
combining a critic NN with an actor NN. This approach aims
to overcome limitations arising from system uncertainties and
unnecessary switching losses. Currently, these techniques are

TABLE I
COMPARISON OF MBPC AND MFPC

applied in power converters, but they hold significant potential
for use in motor drives as well.

Given the limited processor resources, several offline-trained
NNs, such as ANNs mentioned in [34], are also incorporated
into the prediction process, and these methods have similarly
demonstrated satisfactory control performances. However, the
tolerance should be discussed for these NNs, according to their
comprehensive performances, since they cannot be actively ad-
justed to adapt time-varying physics in the motors.

Although NN has the aforementioned advantages, it should
recognize that there is ongoing debate about whether NNs belong
to data-driven models in MFPC. The primary concern is that
the prediction accuracy of NNs has a theoretical upper bound,
which does not exceed the accuracy of the training data gener-
ation method. This can compromise the stability, convergence,
and robustness of the control system, especially if the training
data contains parameter mismatches. Besides, NN belongs to
interdisciplinary, with independent review articles, such as [86]
and [87], including more sufficient research and analysis.

VII. COMPARISONS AND POSSIBLE APPLICATIONS

A. Comparisons

A basic comparison between MBPC and MFPC is listed in
Table I. With the employment of data-driven models in MFPC,
the influences stemming from physical parameters and their
negative impacts are entirely mitigated, thus enhancing the
robustness of the system. However, this comes at the price
of more complex implementation and heavier computational
burdens during the estimation and prediction processes. This
highlights a tradeoff between processor resources and model
orders. On one hand, model orders must be selected based on
the available processor resources. On the other hand, the optimal
values for achieving the best performance continuously change
under different operating states, suggesting that more flexible
order selections should be considered.

To estimate computational times and model complexities
for typical strategies, some tests are conducted on MBPC and
some MFPCs. The results, shown in Fig. 20, are averages from
four repeated experiments to reduce randomness, approximately
showing the computational time for various models. Based on
these results, a comparative analysis of some typical data-driven
models in MFPC is presented in Table II, and Table III summa-
rizes some features of them. According to the aforementioned
characteristics of these models, they are all formulated based on
sample data or its gradient, effectively eliminating the presence
of physical parameters and enhancing system robustness. Es-
pecially, except for some ULM-based MFPCs, other strategies
achieve total model-freeness, essentially enhancing robustness.
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TABLE II
COMPARISON TYPICAL MFPCS WITH SOME TYPICAL MODELS

Fig. 20. Computational times for MBPC and some typical MFPCs. (a) CCS-
type. (b) FCS-type.

For the time-series model, owing to its consideration of the
time properties of motor drives, it can achieve good model
adaptability and prediction accuracy at the cost of a degree
of computational burdens . Nonetheless, the required resources

and the length of training data are not excessively increased
compared to those required by neural networks, indicating that
MFPC using time-series strikes a balance among these method-
ologies.

The applications of these models in MFPCs are also summa-
rized in Table III for various types of motors, including PMSM,
induction motors (IM), switched reluctance motors (SRM), and
linear motors (LM), among others. Since these motors share
similar causal relationships, these models should not be limited
by motor type in theory and should have a wide range of practical
applications. In addition, some models have special applications,
such as low-speed operation in [88], high-load overmodulation
in [89] and [90], and suppressing common-mode voltages in [91]
by improving estimations.

B. Possible Applications and Open Problems of MFPC

Beyond PMSM drives, MFPC has also been used to various
motor driving systems, including induction motors, reluctance
motors, and dc motors. While it has shown enhanced robustness
in these applications, there is still room for improvement in
different scenarios, where open problems persist.

1) High-End Applications (Data Enhancement): In high-end
applications, in addition to robustness, stability and prediction
accuracy are also essential indicators in the system, and better
model adaptability is the goal that MFPC constantly pursues.
In most operating states, predictive control based on physical
models can achieve good performance. It can be considered that
combining the advantages of physical models to improve the
performance of MFPC fully meets the requirements of high-end
applications. As shown in Fig. 21, there are many transitional
studies between physical models and data-driven models, such
as the learning of unknown or unmodeled physical terms (delta
learning unknown physics and delta learning physics corrector),
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TABLE III
SUMMARY OF SOME TYPICAL MFPCS

and introduction of physical principles at the model level or
during the modeling process (physics encoded, physics guided,
and physics constrained).

Although MFPC completely eliminates the dependence on
physical parameters, the adaptability of data-driven models
heavily depends on the quality of data. According to the
basic structure shown in Fig. 2, the data-driven model should

only describe the plant and measurement devices within the
motor driving system. However, some components in the
sample data have had adverse effects on the accuracy of the
model, including some high-frequency harmonics resulting
from coupling and side-frequency effects, and disturbances
caused by position errors. These components originate from
the control strategy and modulation process. Implementing
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Fig. 21. Sketch diagram of transitional research between physical models and
data-driven models.

an extraction filter to mitigate the adverse effects of these
unnecessary components is crucial for achieving data cleaning or
enhancement.

Based on the aforementioned analysis, here is an open prob-
lem for MFPC. High-power motors generally have lower in-
ductance and resistance compared to low-power motors. This
difference could impact the behavior of the control system,
particularly in terms of the signal-noise ratio during current
measurements. The robustness of MFPC strategies under these
conditions might remain unaddressed, and the data enhancement
may be an effective solution.

2) Imbalanced Grid Faults: After long-distance power trans-
mission, the grid often weakens, causing imbalance faults in
grid-connected motor drives. Since most motors are based on
three-phase or six-phase configurations, such as permanent-
magnet motors and induction motors, which typically exhibit
symmetric coordinate systems, the typical control strategies
cannot maintain a balanced operating state and prevent further
exacerbation of faults. Under conditions of driver imbalance,
MFPC may perform well in achieving better performance and
lower degree of imbalance because of the continuous updating of
its data model, and minimize the possibility of local heating and
motor failures caused by these faults. Due to the characteristic
and the superior dynamics of predictive control, MFPC-based
systems can quickly recover to normal operating state if the
fault is resolved, and have great potential for application in
scenarios with high grid-connected motor drive failure rates.
In addition, some grid-connected motor drives require greater
inertia, to prevent disconnection in the event of a fault and
maintain reliable system operation. Some adaptive inertia-based
MFPCs may provide a solution to achieve this requirement.

3) Efficiency Improvement: In industry, about 60% of elec-
trical energy is consumed by motor drives, and it is crucial
to enhance efficiency and reduce energy consumption. The
physical models and data-driven models are mainly designed
based on the motion characteristics of the plant. If some loss
models could be involved in the data-driven model structure or
estimation algorithm in MFPC, and the cost function terms are

Fig. 22. Structure of experimental platform.

also improved to optimize the losses, the operating efficiency
may be enhanced effectively in the system.

VIII. CONCLUSION

This article explores various data-driven models in MFPCs
for motor drives, emphasizing their ability to mitigate model
parameter mismatch and enhance robustness and stability across
different operating points. Through a novel classification based
on implementation and discussion methods, research evaluates
the advantages and challenges of different MFPC models, in-
cluding signal model structure based on direct data and data
gradient, transitional model structure, and flexible model struc-
ture. Although the MFPC strategies still has various limitations,
they overall show great promise for excellent control perfor-
mances and broader application spaces. Unique contributions
of this article include: a fresh perspective on MFPC from the
predictive control theory, a novel classification of MFPCs based
on data-driven model structures, unique insights on performance
analyses, and a comprehensive summary of MFPC research,
which fills gaps in the existing literature.

APPENDIX A
APPENDIX EXPERIMENTAL SETUP DESCRIPTIONS AND DESIGN

SAMPLES FOR MFPCS

The experimental platform, shown in Fig. 22, is based on
a 4.8-kW PMSM. The control core of this setup is a DSP
(F28379D), and it is powered by a three-phase inverter equipped
with insulated-gate bipolar transistors (FF600R12ME4). To gen-
erate load torques, a towing motor driven by an ABB driver
is utilized. For a comprehensive overview of the experimental
setup, refer to Table IV, which lists key information of the motor
and its system.

It should be noted that during the experiment processes, the
measurement is designed to capture instantaneous current val-
ues, which are then sampled by current sensors and transferred to
the host computer via the SCI port of DSP. The sampled data are
then used for analysis, without specific consideration for peak or
mean values. While an oscilloscope and external current probe
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TABLE IV
KEY INFORMATION ABOUT EXPERIMENTAL SETUP

Fig. 23. Implementation for some MFPCs. (a) FCS-type ultralocal-based
MFPC. (b) CCS-type ARX-based MFPC.

are used for observation during experiments, they are not the
primary tools for data acquisition.

Because of limited processor resources, some of the results
are tested using MATLAB simulation software. All design pa-
rameters are carefully set to match the experimental platform
parameters.

To facilitate understanding of the implementation process
of MFPC, here are two design samples. Specifically, Fig. 23
presents the FCS-type ultralocal-based MFPC and the CCS-type
ARX-based MFPC. This article focuses on the model design-
ing, updating and prediction within the first three steps of the
implementation process.
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