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Multiobjective Model Predictive Control of LCL
Grid-Connected Inverter Based on an
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Abstract—To address the challenges of high-current harmonic
distortion, excessive switching losses, and less desirable dynamic
response in the single-phase LCL grid-connected inverter, this ar-
ticle proposes a multiobjective model predictive control (MOMPC)
method based on an improved gray wolf optimization (IGWO)
algorithm. The proposed method first establishes the mathematical
model of the LCL inverter and formulates the cost function of
FCS-MPC. Subsequently, the voltage of the capacitor is introduced
to impose constraints on the cost function, thereby constructing
the MOMPC to further enhance the control performance. Finally,
the IGWO algorithm is employed to perform offline multiobjec-
tive optimization on current error, total harmonic distortion, and
switching frequency to design the optimal weighting coefficients
of MOMPC. In contrast to traditional MPC methods, the IGWO-
based MOMPC can reduce total harmonic distortion, switching fre-
quency, and control errors while enhancing system robustness and
dynamic performance. The simulation and experimental results
validate the feasibility and effectiveness of the proposed method.

Index Terms—Finite control set model predictive control,
improved gray wolf optimization IGWO) algorithm, LCL grid-
connected inverter, multiobjective control.
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NOMENCLATURE
Parameter  Description
Ve DC side voltage.
Cae DC capacitance.
Ly, Lo Filter inductors.
C Filter capacitor.
R, Ry Internal resistances of inductors I,y and Lo
R. Internal resistance of capacitance C
Vg Grid-connected voltage.
Uab Output voltage at the midpoint of the bridge leg.
i1, 1g Currents flowing through inductors L, and Lo
ie Current flowing through Filter capacitor.
Mgy Ayy Az Weighting coefficients.
Trefs Yrets 2ref  Reference values.
a, b, c Weighting coefficients.
LCL Inductor—capacitor—inductor.
PI Proportional—integral.
MPC Model predictive control.
FCS-MPC  Finite control set model predictive control.
MOMPC Multiobjective model predictive control.
PWM Pulsewidth modulation.
THD Total harmonic distortion.
GWO Gray wolf optimization.
PSO Particle swarm optimization.
WOA Whale optimization algorithm.
IGWO Improved gray wolf optimization.
GA Genetic algorithm.
SOGI Second-order generalized integrator.
PLL Phase-locked loop.
ITAE Integral of the time-weighted absolute error.
Std Standard deviation.

1. INTRODUCTION

N RECENT years, with the widespread adoption of re-
newable energy and the rapid development of smart grid

technology, the LCL-type grid-connected inverter has become
a crucial component in renewable energy integration due to its
superior filtering performance and high power density [1], [2].
However, increasing grid complexity and the inherent variabil-
ity of renewable energy sources pose significant challenges to
inverter control strategies. Regulatory effective inverter output
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TABLE I
FCS-MPC BASIC OBJECTIVE FUNCTION

Control variable Application scenario Objective function

Current Predictive current control Gi = irer — i|z
Voltage UPS voltage predictive control G = |vrer —1]?
Active power Converter, motor control gp = | Pt — P)|
Reactive power Converter, motor control 90 = |Qrer— Q|
Torque Motor control 917 = |Teret — Te|

Magnetic chain Motor control

G = ¥llrer — )1

current to ensure power quality and system stability has become
a focal point of research [3], [4].

Existing control schemes for grid-connected inverters ex-
hibit various limitations. While hysteresis control is relatively
straightforward, it is plagued by issues such as high switching
frequency and low-frequency harmonics, ultimately resulting in
degraded power quality. Despite its widespread use due to its
simplicity, PI control exhibits limited dynamic response and is
highly sensitive to variations in parameters. Repetitive control
offers high accuracy but responds slowly to disturbances, while
sliding mode control ensures robustness but is prone to chatter-
ing and requires an appropriately designed sliding trajectory.

MPC has emerged as an advanced model-based control
method that dynamically optimizes control input by predicting
future system behavior in real time while considering system
constraints [5]. Among its variants, FCS-MPC has gained sig-
nificant attention in power electronic applications due to its
ability to directly apply control actions to power converters
without requiring a PWM modulator. This characteristic makes
FCS-MPC inherently simple and flexible in design. Moreover,
its cost function enables the integration of multiple constraints,
facilitating multiobjective cooperative control [6].

In complex power systems, simultaneous optimization of
multiple performance indicators, such as inverter output cur-
rent THD, switching frequency, and dynamic response speed,is
critical to maintaining system efficiency, stability, and power
quality [7]. The flexibility of FCS-MPC to incorporate vari-
ous objectives into its cost function makes it well suited for
such scenarios [8]. It can control typical variables such as
current, voltage, torque, or magnetic flux while simultaneously
meeting additional requirements such as reducing switching
frequency, mitigating common-mode voltage, and regulating
reactive power [9].

However, conventional FCS-MPC methods are typically de-
signed to optimize single objectives, such as output current or
voltage control, as summarized in Table I [10]. This single-
objective focus limits their ability to address the diverse and
often conflicting performance requirements of complex systems.
Moreover, parameter optimization in these traditional methods is
computationally intensive and time-consuming, further restrict-
ing their applicability in real-time or large-scale systems [11].

To address these limitations, MOMPC has been developed.
By framing the control problem as a multiobjective optimiza-
tion task, MOMPC enables real-time strategy optimization that
balances various performance metrics. This approach not only
fulfills the overall performance needs of the system, but also
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ensures comprehensive consideration of multiple objectives,
paving the way for improved control in complex power systems.

However, the complexity of multiobjective optimization prob-
lems and the mutual conflicts between different objectives make
the design and implementation of MOMPC challenging [12].
Among them, the selection of the weighting coefficients is
not a simple problem for several reasons. On the one hand,
even though FCS-MPC has been successfully used in practical
applications for several years, it still lacks theoretical analyses
compared to other MPC techniques, and in recent years this
problem has been gradually being solved. However, the value of
the weighting coefficients affects the performance of the system
and the weighting coefficients are not fixed, so it is necessary to
choose appropriate values for the system.

Multiobjective predictive control commonly adopts the
weighting coefficient method to balance and prioritize multiple
objectives. In this approach, each objective in the cost function
is assigned a weighting coefficient, which adjusts the relative
importance of the objectives based on the control requirements.
The configuration of these coefficients significantly impacts
system performance and stability. However, due to the inherent
interactions between multiple control objectives, altering the
weight of one objective can degrade the performance of oth-
ers [13]. Moreover, since the importance and magnitude of each
objective often vary greatly, the overall system performance is
not a straightforward summation, making the determination of
the appropriate weighting coefficients a complex task [14].

Currently, there are no standardized methods or universal
guidelines for configuring weighting coefficients. Most ap-
proaches rely on empirical knowledge or trial-and-error meth-
ods. A typical strategy is to fix the weighting coefficient of the
primary control objective at 1, gradually increase the coefficients
of secondary objectives from 0, and iteratively evaluate the
performance of the system. This process is repeated until all
performance requirements are met. However, such methods are
labor-intensive and require extensive experimentation, calcu-
lations, and repeated adjustments. This complexity highlights
the need for an algorithm capable of ensuring system stability
while efficiently optimizing the weighting coefficients, thereby
improving the efficiency and reliability of MOMPC.

Patricio Cortés used system debugging to investigate changes
and derive the relationship between the weighting coefficients
and the system [15]. This method provides an intuitive way to
understand the relationship between the weighting factors and
the behavior of the system. However, it relies heavily on manual
tuning and system-specific experimentation, which makes it
time consuming and less adaptable to varying conditions.

PSO is simple and fast and has been used to design the
parameters in the drive system [16], [17]. Its main advantages are
its simplicity and fast convergence, making it computationally
efficient. However, PSO is prone to premature convergence and
may struggle with complex, multimodal objective functions,
limiting its ability to find truly optimal solutions in some scenar-
i0s. As a more advanced GA, the nondominated sorting genetic
algorithm II has been applied in the field design of FCS-MPC
weighting factors. However, the coding/decoding process of
GA increases its complexity and limits its ability to deal with
nonlinear constraints [18], [19].
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Fig. 1. Topology of single-phase LCL grid-connected inverter.

In [20], a data-driven online learning controller was proposed
to enhance the system performance. In [21], this approach was
simplified by optimizing a single weighting factor in the MPC
algorithm. However, both methods face challenges in adapting to
rapid dynamic changes due to the low convergence rates inherent
in their online optimization processes. In addition, the online
adjustment of controller parameters significantly increases com-
putational cost, resulting in higher processing delays.

GWO is a swarm intelligence optimization method inspired
by the natural hunting behavior of gray wolves. It exhibits a
strong global search capability and good convergence perfor-
mance [22]. Nevertheless, standard GWO can suffer from slow
exploitation in later stages, reducing fine-tuning precision and
potentially affecting the final optimization results.

In order to effectively solve these problems, this article
proposes an MOMPC strategy based on the improved gray
wolf optimization (IGWO) algorithm. By combining IGWO
with MOMPC, effective optimization of the control parameters
of LCL grid-connected inverters can be achieved, taking into
account multiple performance objectives and improving the
comprehensive control performance of the system. The major
contributions of this article are as follows.

1) An MOMPC strategy based on the IGWO algorithm is
proposed for the single-phase LCL-type inverters to en-
hance control accuracy and current quality.

2) A hybrid IGWO algorithm is designed to improve search
precision and global optimization capability.

3) The proposed control strategy is evaluated through sim-
ulations and experiments, demonstrating its effectiveness
and advantages.

The rest of this article is organized as follows. Section II
describes the modeling of the single-phase LCL-type inverter;
Section Il is a study of the MOMPC strategy and the process of
IGWO; Section IV presents the simulation results of the algo-
rithm’s test runs; Section V shows the results of the experimental
tests carried out on the system. Finally, Section VI concludes this
article.

II. LCL GRID-CONNECTED INVERTER MATHEMATICAL MODEL

Fig. 1 shows the main circuit topology of the LCL grid-
connected inverter. It is composed of a full-bridge inverter,
inductance L on the inverter side, filter capacitor C', inductance
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TABLE II
OUTPUT VOLTAGE OF SINGLE PHASE INVERTER FOR FOUR POSSIBLE
SWITCHING STATES

Switching vector S1 S2 S3 S4 S  Output voltage

1 1 0 0 1 Ude
2 1 0 1 0 0 0
3 0 1 1 0 -l ~Uge
4 0 1 0 1 0 0

L5 on the net side and parasitic resistance, among which L1, Lo,
and C constitute the LCL filter.
According to Kirchhoff’s law, the system can be represented
as follows:
ledﬂ + Ryt = U; — u,

t

Lo%s 1 Roiy = U, — v, (D
CLe =iy —i,

where U; = U,,. Considering two gate signals of power
switches, which can take values of 1 or O on behalf of the ON
or OFF state, there is a total of four different switching states.
Define S = 57 - Sy — Sy - S3 as the total switching function of
the inverter, and the switching function of the inverter is shown
in Table II below [23].

Based on (1), a discrete-time predictive model for 7; is ob-
tained using the forward Euler method at T [24]

i(k+1)= (1 — TSR1> i1 (k) + L [U:(k) —uc(k)] (2)

Ly Ly
where U; = Uy, = 5 - Uy, which can be step-changed by
changing the four switching states.

To select the optimal vector that can obtain the least error
between the reference and predicted currents, the cost function
should be established to reflect the difference between the pre-
dicted and reference currents. Therefore, in terms of the absolute
error, the cost function can be expressed as

g=ij(k+1) —ir(k+ 1) 3)

*

where the reference ¢; is calculated by the given reference 7,
described as follows. If iy were given by the grid voltage u,
and a coefficient K: iy, = Kv, = Kvgsin(wt), the reference u;
would be obtained by inserting the expressions of ¢y and u,
into (1)

Uy, = vy [(1 + K Ry) sin(wt) + wK Ly cos(wt)] )

where w is the fundamental angular frequency of the grid volt-
age. Then, the expression of ¢} could be obtained by substituting
(4) and iy into (1)
it = vy [K(1 — w?CLy)sin(wt) + wC(1 + K Ry)cos(wt)] .
&)

III. PROPOSED IGWO-BASED MOMPC

Fig. 2 illustrates the control block diagram of the LCL grid-
connected inverter. The system employs a dual-loop control
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Fig. 2. Control block diagram of the proposed IGWO-MOMPC strategy.

strategy comprising an outer power loop and an inner current
loop with active damping. Typically, the reactive power refer-
ence is set to zero. The active power reference is specified by
the user or determined on the basis of the instantaneous output
power requirements of the system. In photovoltaic applications,
the active power reference corresponds to the maximum power
point, as determined by the maximum power point tracking
algorithm.

The controller is designed to calculate the instantaneous active
and reactive power using the two quadrature signals generated
by the SOGI as follows:

1
P = 3 (Vg—a * Ig—a +vg-p - Ig—p) (6)

1
Q= 3 (Vg—p " Ig—a — Vg—a - Ig-p)- (N

By comparing them with the corresponding reference values,
the sum is obtained and multiplied by the two sinusoidal signals
generated by the SOGI to obtain the grid current reference signal
L as follows:

Ipvg—a + 14vg-p
|vg|

This represents the reference current I, calculated as the sum

of the components II’) and [, (’I, where [, and I, are weighted by

the grid voltages v,_, and v,_ 3, normalized by the magnitude
of the grid voltage |vg].

Li=T,+1, = @®)

A. Multiobjective Model Predictive Control

A single control objective cannot meet the demand, in which
case the objective function of multiple control objectives must

),

be considered. MPC can integrate unify multiple control objec-
tives into a single objective function to optimize overall system
performance [25], whose objective function formula is usually
shown as follows:

+ Az(Zref - Z)2
©)

9= )‘m(xref - 93)2 + )‘y(yref - y)2 + .-

where z, y and z are predicted values.

The control objective of the grid-connected inverter studied
in this article is the output current, for which there are two
requirements: 1) the error between the output current and the
reference current is as small as possible; 2) the waveform of
the output current is as smooth as possible, with a small THD
value. The first requirement ensures the basic shape of the output
current as the main control objective; the second requirement is
to be able to suppress the fluctuation of the output current as the
secondary control objective. The error can be expressed as the
square of the difference between the reference current and the
output current, that is (i,ef — 74)%; while the smoothness of the
output current is affected by the control quantity ., the error
that can be used by u,. to suppress the fluctuation of the current.
Combining the primary and secondary control objectives, the
cost function is constructed, as shown in the following:

g = (iret —1g)* + A(ul — ue)? (10)

where A is the weight coefficient. From (10), it can be seen that
the cost function consists of two parts. The first part is the sum of
the squared differences between the reference and actual values
of the inverter output current. This term reflects the quality of
the inverter output current: the smaller its value, the smaller the
error between the output and reference currents, leading to better
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Fig. 3. Schematic of gray wolf population classes.

power quality. The second is the sum of the squares of the errors
between the inverter capacitor output voltage and the reference
voltage, which indirectly controls the waveform of the current
and suppresses the capacitor voltage error, thus achieving the
control of the current. A is used to adjust the importance of the
capacitor voltage in the cost function, its value should not be too
large or too small, too large will cause an inconsistency between
the predicted behavior and the reference value, and too small will
not achieve the objective of improving the THD of the system.

B. Optimization Method

To ensure that the current waveform on the grid side meets
the grid connection requirements and can quickly track changes
in the reference current, the objective function for the inverter
control parameters in the grid-connected mode is designed to
include three weighted terms: the ITAE, the THD of the grid
current, and the number of switching actions of the power
switches [26]

T /S ]2
F:a-/ t|ei(t)|dt—|—b-@><100%+c-fsw
0

zol

(1)
where @ + b+ ¢ = 1. The term e;(¢) represents the error be-
tween the generated reference value and the feedback value
of the power loop, while f;, denotes the average number of
switching events. By adjusting the values of a, b, and c¢, the
performance of the system can be tailored to meet different
requirements, ensuring a low harmonic distortion rate in the
current connected to the grid while maintaining a fast dynamic
response.

The core concept of the GWO algorithm is to simulate the
social hierarchy and hunting behavior of gray wolves to itera-
tively search for the optimal solution. As apex predators, gray
wolves usually live and hunt in packs, with a population size
that generally ranges from 5 to 12 wolves [27]. The gray wolf
population follows a strict social hierarchy, as shown in Fig. 3.

In the GWO algorithm, the hierarchy of wolves plays a crucial
role. The o wolf, recognized as the most intelligent and capable,
is primarily responsible for decision-making during hunting
(merit-seeking) and general pack management [28]. The /3 wolf,
second in command, assists the o wolf in decision-making
and assumes leadership when necessary [29]. The § wolves,
positioned lower in the hierarchy, support the o and 3 wolves
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by maintaining internal balance within the pack and caring for
the young wolves.

Traditional GWO algorithm has been widely applied in fields,
such as function optimization, neural networks, and image
processing due to its flexibility and minimal parameter tuning
requirements. In addition, it does not depend on the gradient
information of the problem. However, it suffers from several
drawbacks as follows.

1) Low convergence accuracy.

2) Insufficient stability.

3) Susceptibility to local optima.

To address these issues, this article proposes a hybrid IGWO
algorithm with the following enhancements.

1) Improved population initialization: Using the good point
set theory to enhance initialization quality and conver-
gence efficiency.

2) Nonlinear convergence factor: Balancing global explo-
ration and local exploitation using a nonlinear conver-
gence adjustment strategy.

3) Enhanced search capability: Gaussian mutation and a
greedy selection strategy are incorporated to prevent pre-
mature convergence and improve solution accuracy.

The IGWO algorithm is used to optimize the membership
function process, as shown in Fig. 4. The fundamental steps of
the optimization process are as follows.

Step 1: Define the dimension G of the gray wolf population,
the population size N, and maximum iteration number 7}, ,x.

Step 2: Generate the initial population individuals using the
good point set theory. The principle is as follows: Let G4 be the
unit cube in d-dimensional Euclidean space. If » € G, then it
is constructed as follows:

o (k) = {{7’1(11) k), {ra(n) x kY ..., {ra(n) x k}

1<k<n.
(12)
Its deviation satisfies the formula
p(n) = C(r,e)n 1** (13)

where C(r, €) is a constant that depends only on 7 and €, where €
is an arbitrary positive number; p,, (k) represents the good point
set; r is a good point.

Step 3: Evaluate the fitness of each gray wolf using the
objective function. Select the three wolves with the lowest value
as «, (3, and 0. Update the positions of the remaining w wolves
based on the positions of «, 3, and §, according to (14)—(17)

A=2a-11 —a (14)
C=21y (15)

Dawo = |C - X, (t) — X (t)] (16)
X(t+1)=X,(t) —A-D (17)

where a = 2 — 2[(et/tmax — 1) /(e — 1)]¥, k = 1.5, 71, 7o are
two random numbers generated using the good point set theory,
D is the distance between an individual in the population and
the prey (target), ¢ is the number of iterations, X (¢ + 1) denotes
the position of the individual in the ¢ + 1st iteration.
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Fig. 4. Schematic diagram of the optimization process.

Step 4: Sort the wolves’ individuals for fitness to get the
best individual, perform a local adaptive search on the best
individual’s position, calculate the fitness and compare it with
the optimal value, and select the solution with good fitness as
the new optimal individual.

Step 5: Record the three positions of the gray wolf with the
best fitness values in the first five steps as X, Xz, and Xj.
The first candidate for the new position of wolf X;(¢) named
X,;_gwo(t + 1) is calculated as follows:

3 .

Step 6: Generate new solutions around the optimal solution using
random perturbations based on a standard Gaussian distribution.
This enhances the algorithm’s ability to explore a more diverse
solution space and helps avoid local optima. The position update
formula of the GWO algorithm after introducing the Gaussian
mutation strategy is given as follows:

Xigwo(t+1) = (18)

Xt+1)=X({t+1)x 1—&—‘%|><N(0,1) (19)
where N (0, 1) denotes the standard Gaussian distribution.
Step 7: Incorporate the greedy selection strategy by compar-
ing the fitness values of the mutated solution and the previous
generation. If the fitness value of the best-mutated solution is
superior to that of the original position, the mutated position is
accepted as the final position for the current iteration. Otherwise,
the original position remains unchanged to ensure stability in the

solution. The formula is shown in
xttl

ij f(th,—;l) < f(Xbest(t))
X2(t)7 f(th,—;l) > f(Xbest(t))

where Xy represents the optimal solution.

Step 8: after performing this procedure for all individuals, the
counter of iterations is increased by one, and the search can be
iterated until the predefined number of iterations is reached. if
not, return to Step 3, and if so, end the algorithm to output the
control parameters.

Xbest (t> = (20)

IV. SIMULATION RESULTS

To verify the effectiveness and superiority of the IGWO
algorithm, this article conducts a comparative experimental
analysis using PSO, WOA, and GWO. Eight commonly used
single-peak and multipeak benchmark test functions are selected
for evaluation. The population size of each algorithm is set
accordingly, with a search space dimension of Dim = 30 and
a maximum of 500 iterations. The core parameters of each
algorithm, determined based on experimental requirements and
algorithmic performance, are provided in Table III.

In order to verify the performance of the IGWO proposed in
the previous section, eight commonly used single-peak and mul-
tipeak benchmark functions are selected for simulation testing.
Among them are f; — f4 single-peak benchmark functions, as
shown in Table IV, which have only a unique global optimal
solution in the definition domain, and are suitable for evaluating
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TABLE IIT TABLE VI
ALGORITHM PARAMETER SETTINGS SIMULATION RESULTS OF SINGLE-PEAK TEST FUNCTION
Algorithm Parameter Value i
8 - Benchmark Result Algorithm Rank
Acceleration factor (¢y) 2 functions PSO WOA GWO IGWO
PSO X
Acceleration factor (c3) 2
Best 12.2571  2.1509E-24  1.1777 0
GWO Inertia weight (w) 0.9 Worst  42.0716  2.2293E-19  38.8397 0
: 1
Convergence factor a Linearly decreases from 2 to 0 f1 Mean 24.8028 1.7143E-20 11.7611 0
WO Spiral constant (b) | Std 83019 45161E20 97226 0
A Linearly decreases from 2 to 0 Best 2879664  26.8052 86706  28.7806
(Gwo Nonlinear adjustment coefficient s 4 Worst 37193621 287317 29634462 30.8356
Convergence factor a Linearly decreases from 2 to 0 Mean 1147.0061  27.8878 673.5711 29.7962
Std  839.5822 0.48491 763.3119 0.5789
TABLE IV Best 0018756 0.00059189 0.0019294 0.0012424
SINGLE-PEAK BENCHMARK FUNCTIONS ; Worst 0.18879 005542 023354 0045624
3 Mean 0.0060406 0.012764  0.080096  0.013789
Name Benchmark function Dim Range Fmin Std 0.031301 0.011479  0.044213 0.0099754
Sphere ) =3 a2 0 mel100100 0 Best 26189  9.0584E-17 033203 1.0453E-21
7 Worst  14.5054  6.3508E-13  8.9486  5.7326E-15 "
Rosenbrock  fo(x) = Y207 [100(zi1 — a2)? + (z; — 1)°] 30 z; € [—30,30] 0 ! Mean  5.2829  6.5536E-14 1.204 2.3086E-16
Std 2.3471 1.4693E-13 1.5039  1.0434E-15
Quartic fs(x) =Y, iz} + random (0, 1) 30 @ €[-1.28,1.28) 0
Schwefel Ja(@) = T2, |l + T2 |l 30 we[-10,100 0 TABLE VII
SIMULATION RESULTS OF MULTIPEAK TEST FUNCTION
TABLE V
, Algorith
MULTIPEAK BENCHMARK FUNCTIONS Benchmark  p.c gorithm Rank
functions PSO WOA GWO IGWO
Name Benchmark function Dim Range Fonin Best 1.076 0 0.96251 0
7 Worst  1.4829 0.47812 1.4749 0.11073
Girewank falw) = ; = - ijlcns (7) +1 30 @ €[-600,6000 0 5 Mean 1.2372 0.050805 1.0931 0.0078274
) ) B Std 0.1027 0.13575 0.10488  0.025468
Rastrigin fs(@) = 3 [22 — 10 cos(2ma;) + 10] 30 € (-512,512] 0
e ) Best  28.5446 0 16.5593 0
Ackley  fo(z) = —20exp (4).2V 1 ; P ) —exp (; ; m>(2m,-,)> +204+e 30 x; € [-32,32] 0 f Worst 802909 1.7764E-15 127.7901 0 ,
Schafer o) =05+ M, pak )-os 30 @ e(-100,1000 0 ‘ Mean 489122 5.9212E-17 625503 0
Std 13.3107 3.2432E-16 28 0
Best 2986  4.44-0E-16 0.56329 0
the local optimization efficiency and convergence speed of the F Worst  6.6809  7.5495E-15  3.3506 0 |
IGWO algorithm; and f5— fs are multipeak benchmark func- ’ Mean 4907 4.8258E-15 2.0076 0
tions, as shown in Table V, which have multiple local extreme Std  0.75035 2.412E-15 0.6397 0
points in the definition domain, and can effectively test the Best  0.13292 0 0.032838 0
algorithm’s global exploratory ability and the characteristics of Worst 02898  0.0062242  0.49832 0 )
avoiding premature convergence. In Tables IV and V, Dim is fs Mean 02135  0.0024993 0.47162 0
the spatial dimension of the test function, indicating the number Std  0.036823 0.001718  0.03585 0

of independent variables in the function; Range defines the
domain of the function, representing the optimization interval;
fmin denotes the theoretical optimal value of the test function.

Due to the inherent stochastic nature of population-based
optimization algorithms, each test function was independently
executed 30 times to minimize the impact of randomness and
improve the reliability of the results. The simulation results are
presented in Tables IV and V. The convergence accuracy and
speed of the algorithm were assessed using the Mean, while Std
was used to measure the dispersion of the solutions, reflecting
the stability of the algorithm.

The single-peak function is generally used to test the con-
vergence speed of the algorithms. In this study, under the same
spatial dimension and search range, the four optimization al-
gorithms were tested using the single-peak functions listed in

Table IV, with the results summarized in Table VI. The results
indicate that, for the functions f1, fs, and f4, the IGWO algo-
rithm significantly outperforms the other three algorithms in all
optimization metrics, achieving the best performance. Although
IGWO did not exceed WOA in optimizing fo, the difference
in results was minimal, demonstrating the strong precision and
stability of the IGWO solution.

Furthermore, four commonly used multipeak functions shown
in Table V were used to evaluate the four optimization algorithms
under the same spatial dimension and search range. The results
for f5—fs are summarized in Table VII. Multipeak functions are
typically used to test the global search capability of algorithms.
As seen in Table VII, IGWO outperforms the other algorithms in
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Fig.5. Convergence curve of single-peak test function. (a) Convergence curve
for f1 adaptation. (b) Convergence curve for fo adaptation. (c) Convergence
curve for f3 adaptation. (d) Convergence curve for f4 adaptation.

optimizing all four high-dimensional multipeak test functions,
successfully finding the optimal solution in all cases except f5
in 30 independent tests. Although the optimal precision for f5
reached 0, its standard deviation was slightly above the ideal
value of 0 but remained close to the optimal level. A compre-
hensive analysis of the four optimization algorithms indicates
that IGWO has the lowest standard deviation, demonstrating
not only high convergence accuracy, but also strong stability in
diverse test environments. This further validates the superior-
ity of IGWO in solving complex high-dimensional multipeak
optimization problems.

In the analysis of the optimization results of single-peak and
multipeak test functions, this article selects the convergence
curves of the optimization fitness values of 30 independent runs
and calculates their statistical means to assess the convergence
speed and optimization finding accuracy of the algorithm; the
specific results are shown in Figs. 5 and 6.

As can be seen in Fig. 5, the IGWO algorithm outperforms
the other three compared algorithms in terms of overall search
accuracy and convergence speed. From Fig. 5(a), (¢), and (d), it
can be seen that the IGWO algorithm, compared with the other
algorithms, has a larger rate of change of the curves during the
first 300 iterations, and the convergence speed is significantly
faster than that of the other algorithms, which indicates that the
IGWO algorithm possesses a stronger ability to search globally
in the early stages. And from Figure Fig. 5(b), although the
convergence speed advantage of IGWO is not very obvious
compared with WOA algorithm, its final convergence accuracy
is higher, indicating that IGWO has better optimization ability
in the local search stage. Therefore, in summary, the IGWO
algorithm shows a strong advantage in both convergence speed
optimization and stability optimization.

From Fig. 6(a), (b), (c), and (d), it can be seen that the
IGWO algorithm, compared with other algorithms, has a larger
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TABLE VIII
SYSTEM PARAMETER

Parameters Numerical values
Dc side voltage Vg 380V
Dc capacitance Clyc 470 uF
Filter inductance L, 3mH
Inductance L; internal resistance Ry 0.2Q
Filter capacitance C' 1uF
Capacitance C internal resistance R. 0.015Q
Filter inductance Lo 0.94mH
Inductance Lo internal resistance Ro 0.1Q
Grid-connected voltage v, 311V
Switching frequency f 20kHz
Weight coefficient a 0.5
Weight coefficient b 0.25
Weight coefficient ¢ 0.25

rate of change of the curve in the first 200 iterations, and the
convergence speed is significantly faster than other algorithms.

In order to verify the effectiveness of the proposed IGWO
algorithm in optimizing the weight coefficients method in
MOMPC, MATLAB/Simulink is used for simulation. The sys-
tem parameters are shown in Table VIII.

The maximum number of iterations is 100, and the fitness
value of each algorithm is calculated. The system parameters are
the same as those shown in Table VIII. The simulation results
are shown in Fig. 7. It can be seen from Fig. 7 that IGWO
achieves faster convergence with fewer iterations and improved
convergence accuracy compared to the other algorithms.

Fig. 8 gives the number of switches and the THD values
corresponding to the value A solved by the IGWO algorithm.
As can be seen in Fig. 8, the cost function corrected by the
IGWO algorithm makes the current THD value of the inverter
smaller and ensures that the current THD is as small as possible
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Relationship between weighting factors A and THD.

and has a small number of switches, and the current error of the
objective function is as small as possible. The optimal value of
the MOMPC after optimization by the IGWO algorithm is the
value in the blue region, and the worse value is the value in the
red region.

V. EXPERIMENTAL RESULTS

In this section, the experimental results of the developed grid-
connected system were provided. To validate the effectiveness
of the IGWO algorithm in optimizing the weighting coefficients
for MOMPC, an experimental platform is developed and tested
using the implementation of DSP hardware.

Fig. 9 shows the block diagram of the hardware setup, which
is mainly composed of the main power circuit and the control
circuit. The main power circuit consists mainly of a dc power
supply, a fuse, a single-phase full-bridge inverter based on the In-
fineon IGBT IGP20N65HS5 module, an LCL-type filter, arelay, a
load, and an ac power source. The control circuit includes current
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and voltage sensors to measure the actual current and voltage
values, and a TMS320F28379D microcontroller for real-time
control, signal processing, and driving the switching devices.
To acquire and analyze signals, the Tektronix MDO4104 mixed
domain oscilloscope is used, enabling precise monitoring of
system performance.

A. System Startup

Before starting the system, it is essential to check the hard-
ware and take the necessary precautions. Ensure that all wiring
connections are correct, the fuses are intact, the inverter switch
tube and relay are OFF, and the voltage and current sampling
are functioning correctly. Initially, set the ac voltage of the
power supply connected to the inverter output to 20 V, 50 Hz,
which will provide current to the resistive load. After closing the
relay, set the reference power and reactive power, then adjust to
raise the dc bus voltage to 380 V and increase the ac output
voltage to 220 V. Before enabling connection to the grid, ensure
that the PLL successfully tracks the voltage phase of the grid
to maintain synchronization. Finally, observe and verify the
output voltage and current on both sides of the inverter to
confirm stable operation. The experimental results are shown
in Fig. 11. During the inverter’s grid connection process, the
phase difference between the inverter output voltage and the grid
voltage causes the grid to absorb energy from the inverter. After
130 ms, the inverter completes phase tracking and successfully
synchronizes with the grid.

B. Steady State Experiments

In order to verify the control performance of the IGWO-
MOMPC algorithm in the grid-connected steady state, a steady
state experiment was conducted on the system according to
Fig. 2. The experimental platform is shown in Fig. 10. The
input side voltage is set to 380 V, the active power is set to
250 W, the specific parameters are shown in Table VIII, and the
experimental results are shown in Fig. 12.

The experimental results show that all three control strategies
are able to maintain better current waveforms with a higher
sinusoidality of the output current. Fig. 12(a) shows the output
voltage and current waveforms under the PI control strategy
and the THD is 4.50%, Fig. 12(b) presents the output current
waveform under the MOMPC algorithm, where the THD with a
weight coefficient of 1 is reduced to 3.96%. Further optimization
using the IGWO algorithm, with an optimized weight coefficient
of 0.12, reduces the THD of the inverter output current to 3.46%,
as shown in Fig. 12(c). Compared with the PI algorithm and
the MOMPC algorithm, the output current THD is significantly
reduced, indicating that the IGWO-MOMPC is capable of opti-
mizing the current tracking performance while effectively sup-
pressing the harmonics and improving the steady-state control
capability of the system.

C. Dynamic Experiments

To evaluate the dynamic performance of the IGWO-MOMPC
algorithm in the grid-connected mode, experiments were carried
out on the inverter to evaluate its performance under sudden



13986 IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 40, NO. 9, SEPTEMBER 2025
- _=_ . . ] b ._ _EE_
DC Power Supply Protection Single-phase full bridge LCL-tepe Filter Relay Grid
—9
‘ —]
\ 4 A _ 4 A Load
Voltage and current Driver | Auxiliary Voltage and current
sampling circuit Circuit [ power supply sampling circuit
A
—> <
) ) TMS320F28379D
Digtal oscilloscope  [™
—M f 1
e 11113 E P—
Host computer mergency handiing
failsafe
Fig. 9. Power and control diagram of the hardware setup.

Fig. 10. Experimental platform.
V, (10V/div)
VT TR 1,(200mA/div)
AANAA ‘ oo
| vnuﬂuﬂvﬂ«vlﬂ{‘v/ﬂ\/%IMW\/\/V\/W H}' [
Yvvy v i
i ) I
il
KRR ———————————-———— i
o
I
IR
1
|
1 I
Y
A, - .1:0,; Time (200ms/div)
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power changes and grid voltage sags. The input side voltage
is set to 380 V and the active power is set to 250 W. The
experimental results of sudden power changes are shown in
Fig. 13, indicating that all three control strategies can effectively
maintain stable voltage and current waveforms in grid-connected
mode. When the reference power is increased to 300 W. The
PI control strategy requires 110 ms to return to a steady state,
as shown in Fig. 13(a). In comparison, the MOMPC algorithm
restores the output current to a steady state within 72 ms, as
illustrated in Fig. 13(b). In contrast, the regulation time of
the IGWO-MOMPC algorithm is shortened to 47 ms to return

TABLE IX
COMPARISON OF EXPERIMENTAL PERFORMANCE

Experimental condition Control performance PI MOMPC IGWO-MOMPC
Steady state Current THD 4.50% 3.96% 3.46%
Grid-side active power change .
(250W—300W) Dynamic response 110 ms 72 ms 47 ms
Grid voltage sag Dynamic response 80 ms 70 ms 62 ms

(220V—200V)

to steady state, as shown in Fig. 13(c). Compared with the
110 ms regulation time of the PI algorithm, the regulation time is
greatly reduced and the dynamic response speed is significantly
improved. The experimental results show that the dynamic re-
sponse speed is improved compared to MOMPC. Shows the
superiority of the IGWO-MOMPC algorithm in sudden power
change conditions, with a faster dynamic response capability.

The experimental results of the grid voltage sag are shown
in Fig. 14. When the voltage changes from 220 to 200 V, the
PI control strategy requires 80 ms to return to a steady state, as
shown in Fig. 14(a). In contrast, the MOMPC strategy returns to
steady state in 70 ms, as illustrated in Fig. 14(b), showing a slight
improvement over the PI control. However, the IGWO-MOMPC
algorithm restores the system to steady state in just 62 ms,
as shown in Fig. 14(c), demonstrating its superior dynamic
response. These results highlight that the IGWO-MOMPC al-
gorithm outperforms both the PI and the MOMPC strategies in
terms of response speed, showing a clear advantage in handling
voltage disturbances.

Table IX presents a detailed summary of the experimen-
tal results of the inverter under various operating conditions,
including transient disturbances and load variations. The re-
sults demonstrate that the IGWO-MOMPC method signifi-
cantly outperforms conventional control strategies in both dy-
namic and steady-state performance. In particular, the IGWO-
MOMPC method not only ensures faster response times and
improved voltage and current waveform stability but also ex-
hibits enhanced robustness against disturbances, such as sud-
den power changes and grid voltage sags. These performance
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VI. CONCLUSION

In this article, an MOMPC strategy based on the IGWO
algorithm is proposed for the LCL grid-connected invert-
ers. The MOMPC weighting coefficients are optimized of-
fline using the IGWO algorithm to balance current error, total
harmonic distortion, and switching frequency. Compared to
traditional MPC methods and other optimization algorithms,
the proposed strategy demonstrates faster convergence speed,
higher optimization accuracy, and superior dynamic response
performance.

The IGWO algorithm effectively optimizes the weight coeffi-
cients in the MOMPC framework, addressing the challenges
associated with multiobjective tradeoffs, such as minimizing
THD, reducing current errors, and improving dynamic response
performance. By integrating IGWO into the MOMPC frame-
work, the system parameters including current error, THD,
and switching frequency are effectively optimized. This en-
sures precise regulation of the inverter’s output current and
significantly enhances overall current quality. Furthermore, the
multiobjective optimization approach guarantees that the in-
verter can more efficiently and accurately meet grid connec-
tion requirements. Theoretical analysis demonstrates that the
IGWO-MOMPC strategy exhibits robust stability and adaptabil-
ity under varying operating conditions, such as sudden power
changes and grid voltage sags. The experimental results further
validate the efficacy and practical applicability of the proposed
algorithm.
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