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Abstract: To optimize the performance and minimize transition times of control systems for permanent
magnet synchronous motors (PMSM), this study suggests a double closed-loop FCS-MPC approach. Uti-
lizing grey prediction and fuzzy dynamic weighting factors, the strategy is designed for PMSM applica-
tions. Initially, the mathematical model of PMSM is implemented in the two-phase synchronous rotation
coordinate system to introduce the double closed-loop FCS-MPC method. This includes the use of dis-
tinct model predictive controllers for the speed outer loop and current inner loop. Subsequently, the grey
system is integrated into the current inner loop to precisely determine the q-axis reference current for an
optimal voltage vector, enhancing resistance to interference and dynamic response capabilities. Further-
more, a fuzzy controller is incorporated to minimize transition times by dynamically adjusting weighting
factors based on varying operational conditions. This strategy aims to prevent speed overshooting, reduce
transition times, and enhance resistance to interference and dynamic response. The efficacy of the pro-
posed approach is verified through simulation and experimental assessments.

Keywords: Permanent magnet synchronous motor, Finite control set model predictive control, Grey pre-

diction, Fuzzy control.

1. INTRODUCTION

The Permanent Magnet Synchronous Motor (PMSM) has
attracted considerable interest in recent times because of its
impressive power density, efficiency, and dependability. It is
utilized in a variety of areas such as electric vehicles, com-
puter numerical control servo systems, wind power, and more
(Li et al., 2020). Nevertheless, attaining top-notch perfor-
mance in different scenarios poses a challenge for traditional
control approaches. Consequently, various researchers have
suggested fresh control techniques and integrated them into
PMSM control systems (Liang et al., 2018).

In recent years, there has been a growing interest in the
application of model predictive control (MPC) in the field of
PMSM. MPC can be classified into two main types:
continuous control set model predictive control (CCS-MPC)
and finite control set model predictive control (FCS-MPC)
(Zhang and Hou, 2018). CCS-MPC utilizes space vector
pulse width modulation to generate continuous voltage vec-
tors, while maintaining a constant switching frequency
(Zhang and Hou, 2018). On the other hand, FCS-MPC out-
puts a limited number of voltage vectors without the need for
complex space vector modulation (Yu et al., 2022). Consider-
ing the switching characteristics of the inverter, FCS-MPC is
more intuitive and simpler in terms of control complexity. A
comparison of CCS-MPC and FCS-MPC is proposed in
(Yang et al., 2021). It is found that CCS-MPC exhibits better
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stability and robustness compared to FCS-MPC, but FCS-
MPC has better dynamic characteristics. To enhance the ro-
bustness of FCS-MPC, Liu et al. (2020) proposed a predic-
tive current control strategy to address steady-state errors
resulting from parameter mismatches, albeit overlooking
speed dynamic characteristics. In (Siami et al., 2018), a sim-
plified FCS-MPC strategy is proposed to avoid a large
amount of calculation, but still have speed overshoot and
fluctuation. The simplification of the FCS-MPC design limits
its performance in terms of switching frequency and current
distortion. The influencing factors of the FCS-MPC are ana-
lyzed in (Karamanakos and Geyer, 2020), and corresponding
design guidelines are provided. By introducing MPC in the
speed outer loop, the overshoot can be effectively eliminated.
Therefore, further research will be conducted on a double
closed-loop FCS-MPC model.

In a PMSM system, the controller in the speed outer loop
plays a vital role in calculating the reference current of the q-
axis for the next time step. Nevertheless, the conventional
FCS-MPC approach only takes into account the current mo-
ment's current in forecasting the g-axis reference current,
disregarding important data from previous instances (Zeng et
al., 2022). To address this issue, the grey prediction model is
proposed, which can uncover the patterns of uncertain infor-
mation embedded in historical data(Deng, 1993). The grey
prediction model is widely employed in data prediction due
to its superior accuracy. For instance, in (Cui et al., 2022), the
combination of grey prediction and Markov is used to predict
solar power generation, resulting in high reliability and stabil-
ity. Similarly, in (Guo et al., 2022), the grey prediction model



and discrete prediction algorithm are utilized to diagnose and
detect the status of robot power equipment, thereby enhanc-
ing safety. Moreover, (Cai et al., 2022) presents an improved
grey prediction model to predict the lifespan of ship cables,
leading to improved prediction reliability and providing valu-
able information for cable management. This paper aims to
incorporate the grey prediction model into FCS-MPC to lev-
erage uncertain information from historical current data and
obtain optimal voltage vector for superior dynamic perfor-
mance.

The cost function of FCS-MPC plays a crucial role in select-
ing the optimal voltage vector (Liu and Liu, 2021). In order
to differentiate between the prioritization of objectives and
establish the weight relationship within the cost function, it is
necessary to assign weighting factors (Hu et al., 2019). For
PMSM, the optimal weighting factors term is subject to con-
tinuous change. However, traditional FCS-MPC uses fixed
weighting factors that are typically designed based on experi-
ence and have high switching times. This limits its applicabil-
ity to dynamically changing working conditions and rang-
es(Liu et al., 2022; Vazquez et al., 2022). The fixed weighting
factors are designed based on a single working point, but they
have a poor control effect throughout the entire working
range of the control system without adjustment. The adjust-

ment of weighting factors can be considered from two aspects:

eliminating weighting factors and adjusting weighting factors
online. In their recent study (Lin et al., 2020), the weighting
coefficients were removed through the conversion of manag-
ing the electromagnetic torque and stator flux amplitude to
overseeing the stator flux vector. Typically, the elimination of
weighting factors is achieved by modifying the cost function.
There are diverse techniques available for computing the
weighting coefficients on the web. One strategy involves
employing an artificial neural network in order to determine
the weighting factors. However, this method requires retrain-
ing the model for different motors, which entails a complex
training process (Dragic“evic” and Novak, 2019; Novak et al.,
2021). In (Davari et al., 2021), a simulated annealing algo-
rithm has been successfully employed to adjust the weighting
factors and reduce torque ripple in an induction motor driver.
However, the impact of this algorithm on the operating points
of other drivers has not been explicitly discussed. The tech-
nique of particle swarm optimization (Wu et al., 2021) and
the normalization method of state (Gong et al., 2020) have
been employed for the real-time adjustment of weighting
coefficients. However, these methods require significant
computational resources and have high hardware require-
ments. On the other hand, fuzzy control can effectively de-
scribe the relationship among system variables, simplifying
system design without placing excessive demands on hard-
ware (Eckert et al., 2022). In a study (Chen et al., 2019), a
fuzzy controller was applied to self-correct the parameters of
a PID controller, resulting in improved load torque anti-
disturbance capability and favorable transient performances.
Another study (Liu et al., 2019) proposed a cascade-less
fuzzy FCS-MPC, which employs fuzzy logic control to dy-
namically select weighting factors, thereby reducing switch-
ing frequency and enhancing computational efficiency. In
(Mahmoudi et al., 2016), the authors utilized fuzzy control to
adjust the weighting factors of traditional FCS-MPC in order

to minimize current ripple and torque fluctuation. The invert-
er's switching frequency, unfortunately, was not considered in
the study. As a result, this research presents the fuzzy theory
as a solution to dynamically modify the weighting factors.
The goal is to optimize the distribution of multi-objective
weighting factors and decrease the total number of switch
occurrences.

This study presents a novel approach to double closed-loop
FCS-MPC strategy utilizing grey prediction and fuzzy dy-
namic weighting factors. The main aim of this strategy is to
enhance the performance of PMSM control systems in small
to medium scale applications by minimizing switching times
and increasing both dynamic and steady-state performance.
The key findings of this investigation include:

1. In the current inner loop, a gray prediction model is
established based on FCS-MPC. This model can ex-
tract uncertain information from historical current
data to predict the future current trend. By obtaining
a more accurate optimal voltage vector, the dynam-
ic response and anti-interference performance are
improved,;

2. Considering the fixed weighting factors may not be
able to adapt to the diversity of operating conditions,
a fuzzy controller is introduced to optimize the
weighting factors dynamically. The implementation
of the fuzzy controller reduces the number of
switching times and enhances the control effective-
ness.

2. SYSTEM DESCRIPTION AND FCS-MPC STRATEGY
2.1 Mathematical model of PMSM and inverter

Creating the mathematical representation of a PMSM using
the theoretical model, within the d-q axis of two-phase syn-
chronous rotation, results in the subsequent voltage equation:

u, = Ri, + dg:d Y, (1a)

(1b)

- dy,
uq = qu +F+l//da)m

where Uy, U, are the d-q axis components of stator voltage,
respectively; i , iq are the d-q axis components of stator cur-
rent, respectively; y, = L4i, +y, represents the flux linkage
on the d-axis, v, =Li, represents the flux linkage on the g-
axis; @,, denotes the electrical angular speed; ¥; represents

the flux linkage of the permanent magnet; R indicates the
resistance of the stator; The inductances of the d-q axis are
denoted as L, and L,. The surface-mounted PMSM discussed
in this study is characterized by symmetrical d-q axis induct-
ances, referred toas L, =L, =L.

The electromagnetic torque equation and the mechanical mo-
tion equation of the motor is:

T, =1.5py, )



da,

dt

J=%n T, -T, -Bo, (©)

where P is the number of pole pairs; J represents the
moment of inertia; The electromagnetic torque and the
load torque are defined as T, and T, respectively; B is the

damping coefficient.

This paper utilizes a two-level inverter for motor drive in a
three-phase system, with the schematic provided in Fig. 1.
The inverter circuit is composed of six power switch tubes,
including the three bridge arms, denoted as a, band c.S, ;,

Spi» Sej> Saj> Shj, S.; are defined as the switching

states of six power switch tubes. To avoid short circuit of
DC power supply, the power switch tubes on the same
bridge arm will always be in opposite state, and “1”, “0”
represent open and off respectively.
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Fig. 1 Three-phase two-level inverter.

These switching signals determine the value of the output

voltage:

Ui j = S U (4a)
Upn,j = Sb,jUdc (4b)
Uen, j :Sc,jUdc' j=01---,7, (4¢)

where Uz, j, Upn,j, Uen,j are the phase neutral voltages of
the inverter and U, is the DC power supply voltage,
U, =220V.

j2z 1 H o
The single vector P=¢€"*"" =57 iV3/2 shows a 120" phase

difference and the output voltage vectors can be defined as:

2 .
Uj :g(uaN,j+pubN,j+p2ucN,j)l j=0,1,---,7. (5)

Considering the possible combinations of all the gated sig-
nals S, ;, S,; and S_;, eight switching states are obtained,

resulting in eight voltage vectors as shown in Table 1. Fig. 2
depicts that due to u, =u,, a limited collection of solely sev-

en distinct voltage vectors can be achieved within the com-
plex plane.

Fig 2 Voltage vector distribution.

Table 1 Switching states of the inverter

J Sai S, j S The voltage vector U

o 0 0 0 4, =0
11 0 0 u,-2u,

2 1 10 w=2u, 1y,
300 1 0 w=-tu, i,
4 0 1 1 u=-2u,

5 0 0 1 b=t 1%y,
6 1 0 1 w=tu, i,
71 1 1 U, =

2.2 Double closed loop FCS-MPC strategy

2.2.1 Model predictive controller in speed outer loop

This study employs the model predictive control method in
the speed outer loop for acquiring a higher level of precision
in the g-axis reference current (Huang et al., 2021).

According to (3), the predicted speed O (k+1) can be ex-

pressed as:
@ (K +1) = (L—by)@,, (K) + by, (k —1) +apAi (k) (6)

where ) =1.5py, (1-e ™) /B, b, =— ™", Ai, (k) represents

the increment of g-axis current control.

The predicted output w,, (k +1) is:

@, (k+1) = a,, (k+1) +e(k), (7
where e(k) =, (k) - (/' (k) is the prediction error.

The reference track of speed Y, (K +1) is:

Y, (K+1) =z, (k) + 1-7) e, (K), (8)



where 7 is the flexibility coefficient, @, (k)is the reference

speed. To minimize the deviation between the predicted out-
put @,,(k+1) and the expected output y,(k+1) based on the

reference trajectory, the secondary performance index is for-
mulated as follows:

J=Ma,, (k+1) -y, (k +1))* + a[Ai;(k)]Z, 9)

where A, 0 are the degree of inhibition of tracking error and
control variation, respectively. 8J /0Ai,(k)=0, it can be

obtained as follows:

o Aa,
Air(k)=- 1-b k) + by, (k-1
Iq( ) /Iag_‘_o_[( O)wm( )+ Oa)m( ) (10)
+e(k) -y, (k-1)].
Then, the given value of g-axis current is:
iv (k+2) =i, (k) + A (k). (11)

2.2.2 FCS-MPC in current inner loop

As stated by both (1) and (3), if the motor current is chosen
as the state variable, the state equation can then be derived:

di .
E_A|+EU+D, (12)

whereA:{_R/L wm(k)} c_[tL oo
-o,(k) -R/L> "7 0 /Ll

0 - - -
D:{—wfwm(k)u}":['d i, ] u=[u, uJ"

If the duration of the control period T within the current
inner loop is sufficiently brief, it is assumed that the input
voltage U and the back electromotive force D of the system
remain consistent throughout a control period [ kT,(k+1)T].
Under these circumstances, the current forecasting model
may be derived by discretizing equation (12):

i(k +1) = F(K)i(k) + Gu(k) + M(K), (13)

where i) =[i,() i,(0] . u®=[u,k uK]
F(k):{l_TR/L Ta)m(k)} G=F—/L o}
—Tao, (k) 1-TR/L , 0 T/L )

M(k)=[ } Using equation (13), the stator current

Ty, (k) /L
for each of the seven voltage vectors produced by the inverter
can be accurately forecasted.

Cost function can contain multiple control objectives, varia-
bles, nonlinear conditions and other system constraints,
which is the key to realizing optimal voltage vector selection.
The objectives of the multi-objective cost function proposed
in this paper are as follows: (1) d-axis current reference track-
ing; (2) q-axis current reference tracking; (3) optimization of
inverter switching times; (4) restriction of current magnitude.
Therefore, the cost function can be expressed as:

g =Qif (k+1) +Q, (iy —i, (k +1))* +Q;-num

. (14)
+ (i (k +2), i, (k +2),

where iy(k+1) and i,(Kk+1) represent the predicted d-q axis

current components corresponding to a specific voltage vec-
tor in the discrete time model of the system. The torque cur-

rent reference value is denoted by i; S. Q and Q, represent
the weighting factors for the d-q axis current, while Q, rep-
resents the weighting factor for inverter switching times. The
optimal voltage vector, U,, is established through the mini-
mization of the cost function. In this study, the switching
times for each calculation cycle in the voltage source inverter
are outlined in equation (15).

num =[S, (k) =S, (k=1 [+]S, (k) =S, (k-1)|

+[S.(k) =S (k=1)].

(15)

In order to be safe, the nonlinear function of stator current
limit of PMSM is designed. Its definition is shown in (16).

o, 1(K+1) > i,

f (i, (k +1),i, (k +1))={O kDL (16)

Fig. 2 displays the block diagram of the FCS-MPC double
closed-loop system for PMSM. FCS-MPC is responsible for
designing the current inner loop, while the MPC algorithm is
utilized for designing the speed outer loop. In summary, the
algorithm known as "double closed-loop FCS-MPC" can be
outlined as follows.

el
Multi- S, -
) . o . b
s i (k+1)| objective S,
a - > Inverter
cost 5,
@ function -
OJHI -

iy(k) i (k

dq -— off

fq(k) off [*—/abc ...;(k)v\_
iy (k)

Position
Sensor

Fig. 3 Control block diagram of double closed loop FCS-MPC.

Algorithm 1
Offline stage :
1. choose the d-axis current i;:O and the given

speed @, ;

2. model parameters selected are: rated voltage, num-
ber of motor pole pairs p, stator resistance R, L,

and L, inductance for the d- and q- axis, and mag-

netic flux y, .

Online stage:



1. Retrieve the g-axis by using the current i; (k+1)

from the predictive controller of the speed outer
loop model;

2. substitute the reference current i;, i; (k+1), actual
rotational speed ,,(K), d- and g- axis actual cur-
rents 1,(K) and i,(K) into (13), get the current pre-
dicted valuei(k +1);

3. calculate the minimum cost function through (14);

4. Choose the voltage vector that has the lowest cost
function value, and then output the appropriate
switching signal for the optimal voltage vector U,

to apply to the inverter in order to regulate the mo-
tor.

In above description, as the input of current inner loop, l; in

next step is crucial for the selection of the optimal voltage
vector. Algorithm 1 just makes use of current at present to

predict iq at next time, attaching less importance to current

information at the past time. The accurate selection of the
optimal voltage vector is hindered by this issue. Grey predic-
tion can reveal the law of uncertain information contained in
historical current data. Therefore, on the basis of Algorithm 1,
grey prediction is designed to obtain more accurate optimal
voltage vector.

3. Double closed loop FCS-MPC strategy based on grey pre-
diction and fuzzy dynamic weighting factors

3.1 Grey prediction model

In order to improve the operational capabilities of PMSM and
effectively harness ambiguous data from past current records
to establish a relationship between the current value in the
present and the previous output current, a grey forecasting
model has been developed to predict the g-axis current and
fine-tune the response mechanism.

Grey prediction can reveal the law of uncertain information
contained in existing data. In the process of practical problem
modeling, considering the randomness of time series data and
the finiteness of data amount, it is difficult to measure the
potential law of data series accurately. The process of series
generation is one of the most important differences between
grey prediction model and other prediction methods(Xuan et
al., 2017). Grey prediction is used to model the sequence data
through the unique cumulative generation transformation,
which can weaken the randomness of the original data series.
Using a small amount of data, it is possible for grey predic-
tion to dig out the insignificant change trends in the original
data series by accumulation transformation. Then, the grey
differential equation is occupied to predict the data using
accumulation generation. The grey system adopts the feed-
back current i(k), which includes both definite and indefi-

nite information, and generates a series of original sequences:

9 (k) =4 (), i (K), -+, i ()}, (17)
where N is the extent of the sequence, and the superscript
"(0)" indicates original without any accumulation. To achieve
a new and unique sequence (18b), we can combine (17) into
(18a).

i}l’(k):zj:i,‘(”(k), j=12,-,n (18a)

19 K) ={i (),i;” (), i (k)

where the superscript “(1)” indicates one accumulation; the
subscript “ ] 7 indicates the ] -th data to be predicted, with

(18b)

the range of values for | being 1 to | . By utilizing equation

(18), the original current sequence can be reconstructed as
follows:

i00) =i®0K)—=i% k), j=2,3-,n. (19)

The definition of whitening equation is as follows:

i) +az?(k)=b, j=2,3-,n (20)
i K)+i%(k

z}“(k)=M, j=2,3,n, (21)

2

where @ and D are parameters to be estimated. The whiten-
ing equation set is exhibited in (22):

i (k) +az® (k) =b (22a)
i (k) +az® (k) =b (22b)
i (k) +az® (k) = b. (22¢)

Through the least square method, the estimated parameters a
and b can be acquired:

[é B]T =(Z'2)'Z"Y, (23)
—Zél)(k),l
-z (k,1
—29(k),1

By solving and recovering the differential equation, the result
of grey prediction is presented in the following manner:

Y =i (), 157 (), 1 (KT

where 7 —

& - 6 é 7é -

1O (k+1) = (i (k) —F-ee < j=12n  (24)
According to (17)-(24), current predicted at the next moment
can be deduced as follows:

-k .’\(O)
g (K+D)+1;)

2

(k+1)

iy (k+1) = (25)




Therefore, the value at the subsequent moment based on the
past value is calculated, leading to an improvement in the
dynamic capabilities of PMSM. The cost function is then
revised to:

9'=Qig (k +1)+Q, (i —i(k +1))* +Q;-num

) (26)
+ Gy (k+D),i, (k+D).

According to the description above, the “double closed loop
FCS-MPC strategy based on grey prediction” algorithm is as
follows:

Algorithm 2
Offline stage :

1. choose the d-axis current id =0 and given
speed @, ;

2. choose the model parameters: voltage rating, num-
ber of motor pole pairs P, stator resistance R, in-

ductances L, and Lq of the d- and q- axis, and

magnetic flux y .
Online stage:

1. the actual current iq (K) of g-axis is input to the

grey model equation (17)-(24), and the grey predic-
tion current i~q*(k +1) required at this moment is

obtained through (25),

2. substitute the reference currentl, i;(k +1), actual
current iy(K) , i,(K) and actual rotational speed

®,,(K) into (13), get the current predicted value
i(k+1);

3. the minimum cost function is calculated by (26);

4. select the voltage vector with the minimum cost
function value, output the corresponding switching
signal of the voltage vector U, to be applied to the

inverter in order to regulate the motor.

Fixed weighting factors are utilized in Algorithm 1 and Algo-
rithm 2, which require extensive experimentation to deter-

55 \\‘\“L L\
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(b)Output surface of Q,

mine suitable weighting factors. These algorithms result in a
significant workload and generate a large number of harmon-
ics and switching times under different working conditions.
To address this issue, a fuzzy controller can be employed to
dynamically adjust the control strategy's focus and generate
dynamic weighting factors, thereby avoiding the need for
tedious manual adjustments. Hence, we introduce a fuzzy
controller in conjunction with Algorithm 2.

3.2 Fuzzy dynamic weighting factors

In the cost function, specific weighting factors, which can
adjust the emphasis ratio of different control objectives, are
assigned to corresponding optimization items. In traditional
methods, designers usually design a set of fixed weighting
factors based on their experience. However, it is challenging
for fixed weighting factors to meet both dynamic and steady-
state performance requirements. Since the servo system is
fundamentally a dynamic process, it proves challenging to
consistently model the weighting factors for all individual
terms. Therefore, this paper proposes the application of fuzzy
theory for dynamically adjusting the weighting factors of
multi-objective optimization. Fuzzy conditional statements
and algorithms are utilized to describe the complex functional
relationship between objectives. The paper presents a method
for dynamically adjusting the weighting factors of the cost
function, enabling optimal multi-objective assignment.

The speed deviation A@ and the change rate of speed devia-

tion AO are taken as the input variables of the fuzzy control-
ler, where the variation range of the former is [-500, 500],

and the latter is [-1000, 1000]. Weighting factors Q,, Q, and
Q, are used as output variables. The output ranges of Q,,

Q, and Q, are defined as [1, 5], [5, 9], and [0.5, 1] respec-

tively. The input and output ranges are discretized, and fuzzy
sets are defined as follows: the fuzzy sets of input variables
are NB(Negative big), NM(Negative medium), NS(Negative
small), ZE(Zero), PS(Positive small), PM(Positive medium),
and PB(Positive big), while the fuzzy sets of output variables
are ZE(Zero), PS(Positive small), PM(Positive medium), and
PB(Positive big). The definition of fuzzy theory domain is
shown in Table 2.

The cost function of Algorithm 1 and Algorithm 2 uses fixed
weighting factors, requiring numerous experiments to be re-
peated for debugging based on different motors and working
conditions.

(c)Output surface of Q3

Fig. 4 Input and output curves of fuzzy reasoning.



Table 2 Fuzzy theory domain

Domain of discourse

Variables
NB NM NS Z0 PS PM PB
Ao -500 -333 -167 0 167 333 500
AS -1000  -666 -333 0 333 666 1000
[ - - - 1 23 35 5
02 - - - 5 6.3 7.6 9
03 - - - 05 067 083 1

In contrast, fuzzy control does not have such limitations. By
adjusting the fuzzy domain in Table 2 using a symmetrical
triangle, the dynamic cost function can be achieved without
the need to redesign the fuzzy rules.

Since the dynamic cost function requires real-time calcula-
tion, the shape of the membership function of the fuzzy state
is a symmetric triangle, which is simple in operation, small
in memory and easy in online implementation. After fuzzy
reasoning rules, the center of gravity method is adopted to
de fuzzy and output the fuzzy logic rules as Table 3. The
input and output surfaces of fuzzy reasoning are shown in
Fig.4. Fig.5 shows the control block diagram of double
closed loop FCS-MPC strategy based on grey prediction and
fuzzy dynamic weighting factors.

According to the above introduction of double closed loop
FCS-MPC strategy based on grey prediction and fuzzy dy-
namic weighting factors and the structure of the control
block diagram in Fig.5, the algorithm is summarized as fol-
lows:

Fuzzy
Controller
O |2 |0
- Yy VY
i,=0
: -
Multi- S
Grey i (k+1)| objective 3 >
Prediction > dynamic Sh, » Inverter
X 4 4 cost < >
function
i, (k)
iy (k) L
i (k)
-«
i,(k+1)
YvYY
D, Position
MPC Sensor <—M

@,

Fig. 5 Control block diagram of double closed loop FCS-MPC
strategy based on grey prediction and fuzzy dynamic weighting
factors.

Algorithm 3

Offline stage :

1. choose the d-axis current i; =0 and given speed
w,;

2. choose the model parameters: voltage rating,
number of motor pole pairs P, stator resistance R,

inductances Ly and Lq of the d- and q- axis, and
magnetic flux Y, .
Online stage :

1. Retrieve the g-axis by using the current ij(K+1)

from the predictive controller of the speed outer
loop model;

2. the actual current iq (k) is input to the grey model
equation (17)-(24), and the grey prediction current
i;(k +1) required at this moment is obtained
through (25),

3. substitute the reference current i; , i; (k +l), ac-
tual current iy(K) , i,(K) and actual rotational

speed @, (K) into (13), get the current predicted
value i(k+1);

4. the dynamic weighting factors Q,, Q, and Q, are

obtained from the fuzzy controller.

5. the minimum cost function is calculated by (26);

6. Choose the voltage vector U, that has the lowest

cost function value, and then produce the associat-
ed switching signal for the voltage vector in order
to regulate the motor through the inverter.

4. Simulation and experiment
4.1 Simulation results and analysis

A MATLAB/Simulink simulation model is created to evalu-
ate three different algorithms using the control block dia-
grams displayed in Fig.3 and Fig.5. Evaluations were per-
formed to analyze the efficiency of the control strategies in
two scenarios: initiating operation with no load and with
sudden loading. The duration of each simulation is limited to
0.4 seconds, and the necessary parameters are detailed in
Table 4. The grey prediction model is able to reveal the law
of the original sequence with only a small amount of data. In
this paper, the original sequence length for grey prediction is
selected as n =4 in both simulation and experiment. Addi-
tionally, the initial value is set as 0 to reduce the computa-
tional load. After three control periods, the initial value is
cleared and the system enters the normal operation state.
Compared with the overall operating time, the duration of
three periods is very short, and its impact on control effec-
tiveness can be ignored.

In the control system of PMSM, it is evident from equations
(2) and (3) that the current inner loop plays a crucial role in
ensuring the motor torque control performance(Wang et al.,
2020). The torque and speed are closely related, as the
torque and load collectively determine the motor speed.
Consequently, enhancing the current inner loop directly af-
fects the evaluation of speed outcomes. Hence, this paper



selects speed and current as the measurement indices.

The stated motor speed is specified at 500 revolutions per
minute. Fig. 6 illustrates the speed comparison of the three
tactics. It is evident from the graph that Algorithms 1
through 3 are able to reach the desired speed without experi-
encing any overshoot. Both Algorithm 2 and Algorithm 3
have shorter response time than Algorithm 1. When t =0.2 s,
a load disturbance of 2.4 N-m was added suddenly, the
speed decreased in all three strategies, but it is evident that
the three algorithms successfully mitigated the speed varia-
tion resulting from changes in the load. In the steady state
stage, Algorithm 3 has the smallest velocity fluctuation .

The specific index comparison results are shown in Table 5.
In the motor startup stage, the rising time of Algorithm 2 and

3 are reduced by 51.34% and 58.92% respectively in com-
parison with Algorithm 1. Algorithm 3 can reach the steady-
state in the shortest time among the three strategies. The
speed fluctuation and recovery time of Algorithm 3 is the
minimum under sudden load. These specific data indicate
the role of grey prediction in fast dynamic response. Com-
pared with Algorithm 1, the switching times of Algorithm 2
and 3 are reduced by 9.14% and 57.71% respectively.
Meanwhile, the total harmonic distortion (THD) of A-phase
current of algorithm 2 and algorithm 3 is 16.23% and
15.89% respectively, both lower than the 23.85% of algo-
rithm 1. It can be seen that compared with Algorithm 1, Al-
gorithm 2 improves the dynamic and anti-interference per-
formance of the system, and also reduces switching times
and THD of A- phase current. This is due to the introduction
of grey prediction, which can reveal the law of uncertain

Table 3 Fuzzy logic rules

The change rate of

Speed deviation

speed deviation NB NM NS 70 PS PM PB
NB PS,PB,PS PS,PBPS  PSPB,PS  PSPBPS  PSPBPS  PSPB,PS  PSPB,PS
NM PS,PBPS  PM,PM,PM PM,PM,PM PM,PM,PM PM,PM,PM PM,PM,PM PS,PB,PS
NS PS,PBPS  PM,PM,PM PBPS,PB  PB,PS,PB  PBPSPB  PM,PM,PM PS,PB,PS
70 PS,PB,PS  PMPMPM PBPSPB  Z0,ZO,ZO PBPS,PB  PM,PM,PM PS,PB,PS
PS PS,PB,S  PMPMPM PBPSPB  PBPSPB  PBPS,PB  PM,PM,PM PS,PB,PS
PM PS,PB,S  PM,PM,PM PM,PM,PM PM,PM,PM PM,PM,PM PM,PM,PM PS,PB,PS
PB PS,PB,PS PS,PB,PS  PS,PBPS  PS,PBPS  PSPBPS  PSPBPS  PS,PB,PS

information contained in historical current data to obtain the
optimized g-axis reference current. With the precise refer-
ence current of g-axis from grey prediction, more accurate
voltage vectors can be selected, resulting in faster dynamic
response performance and fewer switching times of inverter.
However, among the three strategies, Algorithm 3 has the
least switching times of the inverter and the minimum THD
of A-phase current in the whole control system. This is ow-
ing to the weighting factor of each term is dynamically ad-
justed by fuzzy controller in Algorithm 3.

There are some schemes that dynamically adjust the
weighting factors in recent literature, among which the
simulated annealing algorithm proposed in (Davari et al.,
2021) performs relatively well. In order to validate the effi-
cacy of the fuzzy controller introduced in this study, the
simulated annealing algorithm is compared with Algorithm 3.
From the simulation results of speed waveform comparison,
it can be seen that the dynamic response performance of
“Algorithm proposed in (Davari et al., 2021)” is similar to
that of Algorithm 3, but slightly worse than Algorithm 3 in
general. The speed fluctuation of “Algorithm proposed in
(Davari et al., 2021)” increases obviously, which is not con-
ducive to the actual motor control. Therefore, Algorithm 3
has obvious advantages.

Table 4 Simulation and experiment parameters

Parameter Value Parameter Value
s 500r/min Ue 220V
P 4 R 18Q
Ld,Lq 4.16 mH 72 0.1337 Wb
T 0.0001 s Pe 0.6 kW
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Fig. 6 The simulation results of speed waveform comparison.

Through the above analysis, it can be seen that the grey pre-
diction in Algorithm 2 can shorten the system speed rising
time and recovery time. Fuzzy controller adopted in Algo-
rithm 3 can greatly decrease the switching times while fur-
ther enhancing the superior performance of Algorithm 2.

4.2 Experimental results and analysis

Based on the theoretical introduction and simulation results,
this paper builds an experimental platform of FCS-MPC
system for PMSM. The control methods are implemented
using a TMS320F28335. The three strategies are compared
in experiments to analyze the motor response speed when
starting with no load, and the anti-interference ability after
the sudden loading. Motor parameters are shown in Table 4.
The experimental platform is shown in Fig. 7.

The comparison of speed waveforms when starting the mo-
tor without load is shown in Fig. 8. Algorithm 2 and Algo-



rithm 3, compared to Algorithm 1, effectively enhance dy-
namic response performance and reduce switching times.
After the motor runs smoothly, the magnetic powder brake is
used to increase the load torque, and all the three strategies
will have speed fluctuation. Experimental results demon-
strate that Algorithm 3 exhibits smaller speed fluctuations
when the load is abruptly added, indicating superior anti-
interference performance compared to the other two strate-
gies. Additionally, Algorithm 3 shows the least speed fluctu-
ation when the motor speed reaches the reference value,
further validating the effectiveness of the algorithm in steady
state.

The index comparison results are shown in Table 6. It can
be observed that Algorithm 3 demonstrates the fastest speed
tracking performance among the three strategies. Additional-
ly, Algorithm 2 confirms the effectiveness of grey prediction
in improving dynamic and anti-interference performance.
The switching times of Algorithm 2 and 3 are reduced by
8.77% and 26.97% respectively compared to Algorithm 1.
Furthermore, Algorithm 3 provides evidence of the effec-
tiveness of a fuzzy controller in reducing the switching times
of the inverter.

Table 5 Comparison of three control strategies in simulation

Indicator Algorithm 1

Algorithm proposed

Algorithm 2 . .
in (Davarietal,2021)

Algorithm 3

Speed response time ¢, (s)

. . 0.0409
Maximum speed fluctuation Awq 7 665
(t/min) ’
. 0.020
Speed recovery time ¢, (s) 3138
Switching times num
23.85%

The THD of A-phase current

0.0199 0.0168 0.0187
4216 3.981 4.861
0.0114 0.0092 0.0102
2851 1327 1563
16.23% 15.89% 16.81%
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Fig. 8 The experiment results of speed waveform comparison.

Fig. 9 displays the wave patterns of the metrics. Table 6 out-
lines the THD of A-phase current and the fluctuations in
current for the d- and g-axes. Based on the data, the follow-
ing deductions can be made: (1) After sudden loading, the q-

axis current of the three strategies can quickly reach the new
stable value. The current responses of Algorithm 3 are better,
and the g-axis current ripple of Algorithm 3 is the smallest in
the three strategies. (2) The A-phase current waveforms of
Algorithm 2 and Algorithm 3 exhibit lower harmonic con-
tent, better sinusoidal quality, and improved current response.
The THD values of Algorithm 2 and Algorithm 3 are re-
duced by 10.88% and 12.27%, respectively, compared to
Algorithm 1. (3) The d-axis current of Algorithm 3 is more
stable, and the performance is better following the reference

d-axis current, that is, i; =0.

Based on the data from the algorithm proposed in (Davari et
al., 2021) in Table 6, it is evident that the speed response
performance of the algorithm is comparable to that of Algo-
rithm 3. However, it is observed that the current ripple of d-q
axes and the THD value of A-phase current of the algorithm
proposed in (Davari et al., 2021) increase significantly
when compared to Algorithm 3. This increase in ripple and
THD value will inevitably lead to a decline in the overall
control performance. The effectiveness of fuzzy control in
dynamically adjusting the weighting factors of the cost func-
tion is proven to offer superior performance.

The feasibility of Algorithm 2 and Algorithm 3 has been
verified through experiments. The double closed loop FCS-
MPC strategy, which is based on grey prediction, can im-
prove the system's dynamic response and anti-interference
performance. The double closed loop FCS-MPC strategy
based on grey prediction and fuzzy dynamic weighting fac-
tors can drastically reduce the switching times and THD
value of A-phase current while further improving the control
performance.

To evaluate the robustness of Algorithm 3 under parameter
mismatch, experiments were conducted to test the control



Table 6 Comparison of three control strategies in experiment

. . . . Algorithm proposed
Indicator Algorithm 1 Algorithm 2 Algorithm 3 . .
in (Davari et al., 2021)
Speed response time #7 (s) 0.055 0.039 0.024 0.035
Maximum speed fluctuation Aomax 36.362 30.512 28.438 30.917
(r/min)
Speed recovery time zc (s) 0.029 0.023 0.014 0.016
Switching times num 3671 3349 2681 2945
The THD of A-phase Current 32.45% 28.92% 28.47% 30.71%
Current ripple of d-axis (A) 0.0581 0.0552 0.0527 0.0638
Current ripple of g-axis (A) 0.0843 0.0821 0.0792 0.0913
Algorithm execution time (us) 49.21 53.86 59.34 57.81
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Fig. 9 The experimental results under load torque change.

performance of Algorithm 3 under resistance and inductance
mismatch with no load. Fig. 10 illustrates the current wave-
form of 0.2~0.3s in the case of parameter mismatch of Algo-
rithm 3. In this scenario, the d-axis current remains stable
near 0, the g-axis current remains stable, and the sinusoidal
degree of A-phase current remains good. These experimental
results demonstrate that Algorithm 3 exhibits good robust-
ness under parameter mismatch. Additionally, Fig. 11 dis-
plays the waveform of the weighting factors in Algorithm 3.
It is evident that the fuzzy controller can dynamically adjust
the weighting factors of the cost function and utilize opti-
mized weighting factors in different running stages to
achieve superior dynamic performance.

To compare the computational burden of the three strategies,
the execution times are shown in Table 6. It can be observed
that Algorithm 1 has a lower computational burden com-
pared to Algorithm 2 and Algorithm 3. Although the grey
prediction and fuzzy dynamic weighting factors slightly in-
crease the computational burden, the execution times do not
exceed the control period, and the calculations can be com-
pleted without the need for hardware improvement.
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Fig. 10 The experimental waveform comparison under parameter

mismatch in Algorithm 3.
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Fig. 11 Waveforms of weighting factors in Algorithm3.

By comparing Table 5 and Table 6, slight differences can be
observed between the simulation and experimental results.
This can be attributed to the fact that the simulation model is
established under ideal conditions, whereas actual experi-
ments are subject to various unavoidable factors such as
inaccurate motor parameters, temperature changes, and un-
stable power quality. These factors contribute to the devia-
tion between simulation and experimental results. However,
it is noteworthy that the overall trend of the corresponding
index data changes remains consistent, thereby validating
the applicability of the control algorithm in practical scenar-
ios.

5. Conclusions

This study introduces a dual closed-loop strategy for FCS-
MPC that utilizes grey prediction and fuzzy dynamic
weighting factors. We introduce the grey prediction and
fuzzy control theory to compare and analyze three strategies.
Through simulation and experimental results, we have con-
firmed the efficacy and superiority of the proposed strategy.
Upon examining the aforementioned analysis, our conclu-
sion is that the FCS-MPC strategy with a double closed loop,
utilizing grey prediction and fuzzy dynamic weighting fac-
tors, has the capability to efficiently eliminate speed over-
shoot and enhance dynamic response. This strategy achieves
the optimal allocation of multi-objective weighting factors in
the cost function. Additionally, it optimizes the switching
times of the inverter to a certain extent and reduces the THD
value of A-phase current, thereby enhancing the system's
dynamic capabilities and resistance to interference. There-
fore, the double closed loop FCS-MPC strategy based on
grey prediction and fuzzy dynamic weighting factors offers
significant advantages. However, it should be noted that this
strategy slightly increases the computational burden.
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