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Abstract—Model predictive control (MPC) has been widely
adopted as a modular multilevel converter (MMC)-based active
rectifier due to its simplicity, flexibility, and ability to manage
multiple control objectives. Nevertheless, the practical implemen-
tation of MPC is hindered by the absence of accurate mathematical
models. When there are changes in the grid or MMC parameters,
the control performance of MPC will deteriorate, indicating weak
grid adaptability. For this matter, the employment to implement
the MPC by the artificial neural network (ANN) technique is
explored to improve the grid adaptability in this article. As ANN
is based on data-driven learning, it is not affected by model and
grid parameters. More importantly, the strong fault tolerance and
generalization of ANN allow it to handle a variety of nonideal
grid conditions and different grid impedances, thus improving grid
adaptability. Furthermore, the substance regarding why the fault
tolerance and generalization of ANN can improve grid adaptability
is revealed. In addition, a delay compensation approach for the
ANN is proposed to ensure the control performance. Finally, sim-
ulation and experiment are performed to verify that the proposed
control manner can effectively improve grid adaptability in various
grid conditions, including ideal, distorted, unbalanced, and varied
impedance grids.

Index Terms—Artificial neural network (ANN), delay
compensation, grid adaptability, model predictive control (MPC),
modular multilevel converter (MMC).

I. INTRODUCTION

MODULAR multilevel converter (MMC) has become
one of the most promising topologies for various

medium/high voltage applications owing to its high efficiency,
low harmonics, low switching frequency, and highly modularity
[1], [2], [3]. As a crucial stage for exchanging energy from
ac-side grid to dc-side bus, the MMC-based active rectifier
inherits many unique merits of MMC and active rectifier such

Manuscript received 28 February 2024; revised 13 May 2024; accepted
26 May 2024. Date of publication 29 May 2024; date of current version 4
September 2024. This work was supported in part by the National Natural
Science Foundation of China under Grant 52277205 and Grant 52107217, and
in part by the Natural Science Foundation of Jiangsu Province under Grant
BK20230108. (Corresponding author: Zheng Gong.)

The authors are with the School of Electrical Engineering, China University
of Mining and Technology, Xuzhou 221116, China. (e-mail: zgo@cumt.edu.
cn; ts21130075a31ld@cumt.edu.cn; changming@cumt.edu.cn; xjwu@cumt.
edu.cn).

Color versions of one or more figures in this article are available at
https://doi.org/10.1109/TPEL.2024.3406923.

Digital Object Identifier 10.1109/TPEL.2024.3406923

as permission of four-quadrant operation, lower harmonic char-
acteristics, independent active and reactive power control, etc.
[4], [5], [6].

To accomplish the mentioned functions of the MMC-based
active rectifier, a safety and reliable control strategy is particu-
larly important. Traditional linear cascaded control strategies,
especially proportional integral (PI) or proportional resonant
regulators, are widely used in MMC rectifiers to control ac-
side current, submodule capacitance voltage, and circulating
current, simultaneously [7], [8], [9]. Although linear control
can achieve good control effects for MMC rectifiers, its com-
plex structure and parameter design are its biggest drawbacks.
Model predictive control (MPC), especially the finite control
set MPC (FCS-MPC), has been widely applied in the field of
power electronics since its initial introduction. Because of its
flexibility, simplicity, and ability to control multiple objectives
concurrently, it is especially well-suited for MMC rectifiers,
which are multi-input multioutput systems. In addition to having
a straightforward and practical design, FCS-MPC also boasts a
faster dynamic response and superior THD characteristics [10].
Although FCS-MPC avoids the drawbacks of traditional linear
control, it also introduces new problems. By adjusting the weight
factor, multiple control objectives can be achieved in one cost
function [11], [12]. This will cause multiple control objectives
to influence one another, especially the ac-side currents and
circulating currents. Moreover, fine-tuning weight factors is a
labor-intensive and time-consuming task. To solve this problem,
a cascaded FCS-MPC is proposed [13], avoiding the adjustment
of weight factors by controlling different variables in different
cost functions. Huang et al. [14] and Sun et al. [15] mitigate the
adverse effect of circulating current suppression on the ac-side
current by using the cascaded FCS-MPC. Zhang et al. [16]
follow the same cascaded FCS-MPC concept, with the first
stage implementing control of ac-side current and the second
stage implementing circulating current suppression based on
the first stage, although dual vectors are applied Furthermore,
Tuo et al. [17] adopt a three-stage cascaded FCS-MPC. Not only
the circulating current is suppressed without adverse effects on
the ac-side current, but also the ac-side current is optimized. Nev-
ertheless, the cascaded FCS-MPC does not solve the essential
problem of MPC, which is to control based on the mathematical
model of MMC rectifiers. Thus, the performance of cascaded
FCS-MPC is limited by the accuracy of the model and grid
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parameters. When the grid is under a nonideal state, or different
grid impedance, a deterioration in control performance, or even
instability will occur [18], [19], [20].

A growing number of neural networks (NNs) are being used in
the field of power electronics as a result of the quick development
of digital microprocessors and their increased computational
speed [21]. Because of its straightforward structure and simplic-
ity in training, artificial neural network (ANN) has received the
most attention among all types of NN [22]. So far, in the field of
power electronics, ANN is mainly used to replace MPC to reduce
computational complexity [23], [24], [25], improve robustness
[22], [25], design weight factors or parameters [26], [27], [28],
and extending MMC operation region [28], [29]. Nonetheless,
little research has been done on using ANN to increase grid
adaptability. ANN can be used to increase grid flexibility due to
its fault tolerance and generalization. Although the literature [19]
has enhanced grid adaptability by employing ANN to identify
grid impedance online based on MPC, it does not take advantage
of the inherent qualities of ANN to improve grid adaptability,
and the disadvantages of MPC cannot be avoided. Besides, the
fundamental attributes of digital microprocessors result in an
unavoidable computational delay, which significantly impairs
the control performance of ANN.

To address the above-mentioned issue, in this article, the
potential that using the FCS-MPC implemented by the ANN
to improve the grid adaptability for MMC-based rectifiers is ex-
plored. First, the ANN is trained offline using input–output data
from cascaded FCS-MPC under an ideal grid. When collecting
data, certain fluctuations are applied to the parameters of the
grid and MMC, which may be viewed as introducing noise to
the input data. Then, the trained ANN is used as a replacement
for cascaded FCS-MPC during online operations under ideal
grid, nonideal grid, and varied impedance grids. Different from
model-based control techniques, ANN is a data-driven learning
approach that treats the controlled system as a black box, training
the weights and thresholds based solely on input and output data.
Owing to the fault tolerance of ANN, correct results can still be
produced even when there are errors or noises in some input
data. This means that when there is a change in grid impedance
or a fault in the grid causing deviations in parameters such
as voltage and current, the fault tolerance of ANN prevents
large deviations in control, thereby improving the adaptability
of the MMC-based active rectifier to the grid. At the same
time, ANN has the ability to generalize, meaning that it can
accurately output results when processing new data (data not
used in the training data). Combining the fault tolerance of ANN,
even when the training data for ANN is only collected from
an ideal grid, ANN can still have good control performance
under nonideal grids, which opens up possibilities for using
ANN to enhance grid adaptability. Furthermore, this article
reveals the theoretical basis of using the fault tolerance and
generalization of ANN to improve the adaptability of the grid.
Also, according to the two-step ahead prediction principle, an
ANN delay compensation strategy is proposed to solve the
deterioration of control performance caused by the intrinsic
computational delay of digital implementations. Finally, the ef-
fectiveness and reliability of ANN in enhancing the adaptability

Fig. 1. Diagram of three-phase MMC topology and its submodule.

of the grid are confirmed through simulation and experimental
validation.

The rest of this article is organized as follows. In Section II, the
basic working principle and mathematical model of the MMC
are described and derived. The process of cascaded FCS-MPC
is introduced in Section III. Section IV presents the structure of
ANN and the detailed process of emulating cascaded FCS-MPC
using ANN. Also, the theoretical basis of how ANN improves
the adaptability of the grid is briefly described in Section IV.
Section V describes the overall control strategy for an MMC-
based active rectifier. Section VI shows the simulation and
experimental results and Section VII concludes this article.

II. BASIC PRINCIPLE AND MATHEMATICAL MODEL OF MMC

A. Mathematical Model of MMC

The basic topology of the MMC is shown in Fig. 1, consisting
of three phases (a, b, c). Each phase is constructed with an upper
arm and a lower arm. Each arm is comprised of N submodules
and an arm inductance Li. Every submodule is a half-bridge
structure, composed of two complementary switching devices
S1, S2, and a submodule capacitor Cam. By controlling the
switching states of S1 and S2, the submodule capacitor Csm can
be inserted or bypassed. When S1 is turned ON and S2 is turned
OFF, the capacitor Csm is inserted; while when S1 is turned OFF

and S2 is turned ON, the capacitor Csm is in a bypassed state. If the
voltage of the submodule capacitors is well balanced, the MMC
can output N+1 or 2N+1 phase voltage levels by controlling the
state of each submodule. In this article, the N+1 phase voltage
level is adopted for MMC.

From Kirchhoff’s voltage law, the dynamic model of each
phase j (j = a, b, c) is

vju(t) =
Vdc

2
− Li

diju(t)

dt
− Lo

dij(t)

dt
−Roij(t)− uj(t)

(1)

vjl(t) =
Vdc

2
− Li

dijl(t)

dt
+ Lo

dij(t)

dt
+Roij(t) + uj(t)

(2)
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where Vdc is the dc-bus voltage, vju and vjl represent the voltage
of the upper arm and lower arm of phase j, iju, and ijl represent
the current of the upper and lower arm of phase j, ij represents
the grid-side current of phase j, and Ro and Lo are the grid side
resistance and inductance, respectively.

Similarly, based on Kirchhoff’s current law, the grid-side
current and circulating current of phase j are as

ij(t) = iju(t)− ijl(t) (3)

idiffj(t) =
iju(t) + ijl(t)

2
=

idc

3
+ izj(t) (4)

where idc is the dc-bus current and izj is the ac component of
the circulating current of phase j.

From (1) to (4), the continuous-domain mathematical model
of the three-phase grid-side current and the three-phase circu-
lating current can be derived as follows:

dij(t)

dt
=

1

Li + 2Lo
(vjl(t)− vju(t)− 2Roij(t)− 2uj(t))

(5)

didiffj(t)

dt
=

1

2Li
(Vdc − vju − vjl). (6)

It can be seen from (5) and (6) that both the grid-side current
and the circulating current can be controlled by the upper and
lower arm voltage. Meanwhile, the continuous-domain model
of the submodule capacitor voltage is

duCrji(t)

dt
=

irj(t)

Csm
(7)

where uCrji represents the submodule capacitor voltage across
the ith (i = 1, 2, …, N) of r (r = u, l) arm of the phase j.

B. Impact of Unbalanced Grid on MMC

In the case of unbalanced grid conditions, the ac-side voltage
can be decomposed into positive-sequence, negative-sequence,
and zero-sequence component, and the current will also appear
in these three sequence components. Since MMC is usually
connected to the ac-side grid via three-phase Y/Δ transformers,
there is no zero-sequence voltage and zero-sequence current at
the MMC side. Thus, the phase-j ac-side voltage and current can
be written as{

uj = U+ cos(ωt+ θ+j ) + U
−
cos
(
ωt+ θ−j

)
ij = I+ cos(ωt+ ϕ+

j ) + I
−
cos
(
ωt+ ϕ−

j

) (8)

where U+ and U− are the amplitudes of positive-sequence and
negative-sequence ac-side voltages. I+ and I− are the amplitudes
of positive-sequence and negative-sequence ac-side currents.
θ+j and θ−j are the initial phase angles of positive-sequence
and negative-sequence ac-side voltages. ϕ+

j and ϕ−
j are the

initial phase angles of positive-sequence and negative-sequence
ac-side currents.

The instantaneous power of phase-j is represented by

pj(t) =
(
u+
j (t) + u−

j (t)
) (

i+j (t) + i−j (t)
)

= Pdc + p+j + p−j + p0j (9)

where Pdc represents the dc component of instantaneous power.
p+j, p−j, and p0

j represent the positive-sequence, negative-
sequence, and zero-sequence of double-line-frequency power
ripples, respectively.

By inserting formula (8) into (9), we obtain⎧⎪⎪⎪⎨
⎪⎪⎪⎩

p+j = 0.5U−I− cos
(
2ωt+ θ−j + ϕ−

j

)
p−j = 0.5U+I+ cos

(
2ωt+ θ+j + ϕ+

j

)
p0j = 0.5U+I− cos

(
2ωt+ θ+j + ϕ−

j

)
+0.5U−I+ cos

(
2ωt+ θ−j + ϕ+

j

) . (10)

Since the zero-sequence component cannot flow among each
phase unit, they cannot be canceled by each other. Therefore, the
zero-sequence power will be transmitted to the dc-side, resulting
in the presence of a double line-frequency ripple on the dc-side
voltage and current [30].

Ignoring the internal losses of MMC, the instantaneous power
on the ac-side should be equal to the power on the dc-side. Taking
phase-a as an example, it can be concluded that [31]

ujij =
Udc

2
idiffj . (11)

Substituting (3), (4) and (8) into (11), the ac component of
the circulating current can be obtained

izj =
U−I−

Udc
cos
(
2ωt+ θ−j + ϕ−

j

)

+
U+I+

Udc
cos
(
2ωt+ θ+j + ϕ+

j

)

+
U+I−

Udc
cos
(
2ωt+ θ+j + ϕ−

j

)

+
U−I+

Udc
cos
(
2ωt+ θ−j + ϕ+

j

)
. (12)

From (12), it can be seen that in the case of unbalanced grid
conditions, there are positive-component, negative-component,
and zero-sequence components in the ac component of MMC
circulating currents. The components of these three-phase se-
quences of circulating currents will increase the circulating
current, further increasing the power loss of MMC.

III. PRINCIPLE OF CASCADED MPC

A. Discrete Mathematical Model of MMC

Since FCS-MPC is based on discrete mathematical models, it
is necessary to discretize the MMC mathematical model by the
Euler forward method

dx(t)

dt
≈ x(k + 1)− x(k)

Ts
(13)

where x(k + 1) is the value of x at time step k + 1, x(k) is the
value of x at time step k, and Ts is the sampling time.

Applying (13) to (5)–(7), the discrete mathematical model of
grid-side current, circulating current, and submodule capacitor
voltage at time step k + 1 can be obtained

ij(k + 1) =
Ts

Li + 2Lo
[vjl(k + 1)− vju(k + 1)]
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Fig. 2. Control flowchart of grid-side current.

+

(
1− 2TsRo

Li + 2Lo

)
ij(k)− 2Ts

Li + 2Lo
uj(k) (14)

idiffj(k+1) =
Ts

2Li
[Vdc − vju(k+1)− vjl(k + 1)] + idiffj(k)

(15){
uCrji(k + 1) = Ts

Csm
irj(k) + uCrji(k), Srji(k) = 1

uCrji(k + 1) = uCrji(k), Srji(k) = 0
(16)

where ij(k + 1) and ij(k) represent the grid-side current of phase
j at time step k + 1 and k, respectively. idiffj(k + 1) and idiffj(k)
represent the circulating current of phase j at time step k + 1 and
k, respectively. uCrji(k + 1) and uCrji(k) represent the capacitor
voltage of submodule at time step k + 1 and k, respectively.
Srji(k) represents the switching state of the submodule of phase
j at time step k.

B. Cascaded FCS-MPC Control Principle for MMC

The cascaded FCS-MPC is mainly divided into two stages.
The first stage is grid-side current control. By rolling all possible
switching combinations and minimizing the cost function of
grid-side current control, the optimum switching combination
is selected, namely, the upper arm inserted submodule number
Nju1(k) and the lower arm inserted submodule number Njl1(k).
If the grid-side reference current at time step k + 1 is ij∗(k + 1),
then the cost function for the first stage is

Jk = |i∗j(k + 1)− ij(k + 1)| (17)

where ij∗(k + 1) is given by the outer loop. By online rolling
optimization, the optimal switching combination Nju1(k) and
Njl1(k) for grid-side current control can be obtained by mini-
mizing the cost function Jk. The specific optimization process
is shown in Fig. 2.

The second stage is the circulating current suppression. On the
basis of the first stage, additional δ submodules of upper arm and

Fig. 3. Control flowchart of circulating current.

lower arm are inserted or bypassed based on Nju1(k) and Njl1(k)
simultaneously. In this article, the value of δ in simulation is 2
and in the experiment is 1.

According to (4), the circulating current can be divided into
dc component and ac component. In order to reduce unnecessary
power loss, the ac component should be suppressed. Therefore,
the reference value of the circulating current is

i∗diffj =
idc

3
=

PAC

3Vdc
(18)

where PAC is the active power transmitted by the MMC-based
active rectifier system. Therefore, the cost function of the second
stage is

Jdiffj = |i∗diffj(k + 1)− idiffj(k + 1)|. (19)

Similarly, by online rolling optimization, minimizing the cost
function Jdiffj, the optimal switching combination for circulating
current suppression Nju_opt(k) and Njl_opt(k) can be obtained.
The specific optimization process is shown in Fig. 3.

It is obvious that the second stage, namely, the circulating
current suppression is based on the optimal switching state
for grid-side current. The optimal switching combination for
circulating current suppression Nju_opt(k) and Njl_opt(k) can be
obtained by inserting or bypassing extra submodules based on
Nju1(k) and Njl1(k). According to (14), the additional δ submod-
ules of the upper arm and lower arm have no influence on the
gird-side current. Therefore, the circulating current suppression
stage will not affect the grid-side current.

C. Submodule Capacitor Voltage Control

The voltage of submodule capacitors is balanced using a
sorting algorithm. From the second stage of cascaded FCS-MPC,
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Fig. 4. Flowchart of capacitor voltage sorting algorithm.

Fig. 5. Overall control block diagram of cascaded FCS-MPC.

it is possible to determine the optimal number of inserted sub-
modules Nju_opt and Njl_opt for the upper and lower arms of
MMC. Therefore, based on the direction of the arm current and
the sorting results, the submodules are sequentially inserted or
bypassed. If the arm current iju(k) ≥ 0, the capacitance voltage
of the submodule is sorted in ascending order, and the nxj
submodules with the lowest capacitor voltage are inserted. At
this time, the capacitor is in a charging state; If the arm current
ijl(k) < 0, the capacitance voltage of the submodule is sorted
in descending order, and the nxj submodules with the highest
capacitor voltage are inserted. At this time, the capacitor is in a
discharge state. Thus, the switching status Srji(k) can be obtained
and applied to MMC. The specific flowchart is shown in Fig. 4.

Fig. 5 depicts the comprehensive block diagram of the cas-
caded FCS-MPC, which encompasses the control of grid-side
current, circulating current suppression, and submodule capac-
itor voltage sorting algorithm. Initially, the grid-side current,
grid-side voltage, and submodule capacitance voltage are mea-
sured. The reference value of the grid-side current is then input,
and the first stage is utilized to fulfill the grid-side current
control. This enables the determination of the optimal number of
submodules, Nju1(k) and Njl1(k), for grid-side current control.
On this premise, the upper arm and lower arm concurrently insert
new submodules or bypass additional submodules through the
circulating current suppression stage. Hence, with the submod-
ule capacitance voltage sorting approach, the ultimate optimal
switching combination Nju_opt(k) and Njl_opt(k) is found. At
last, the submodule capacitor voltage sorting algorithm produces
the switching pulse for the MMC.

Fig. 6. Basic structure of ANN diagram.

Fig. 7. Simplified structure of ANN.

D. Control Delay Compensation for Cascaded FCS-MPC

Two-step ahead prediction is typically utilized for delay
compensation to avoid the degradation of control performance
brought by control delay in digital implementations [32]. The
core idea of two-step head prediction is to calculate the value
of variables at time step k + 1 according to the optimal switch
combination of the previous control period, and then bring it into
the mathematical model to predict the value at time step k + 2.
Thus, the output of the minimized cost function is the optimal
switch combination at time step k + 2. According to (14) and
(15), the predicted values of grid-side current and circulating
current at k + 2 are as follows:

ij(k + 2) =
Ts

Li + 2Lo
[vjl(k + 2)− vju(k + 2)]

+

(
1− 2TsRo

Li + 2Lo

)
ij(k+1)− 2Ts

Li + 2Lo
uj(k)

(20)

idiffj(k + 2) =
Ts

2Li
[Vdc − vju(k + 2)− vjl(k + 2)]

+ idiffj(k + 1). (21)

IV. DESIGN OF ANN STRATEGY

A. Basic Principle of ANN

In general, ANN consists of three fundamental layers: the
input layer, the hidden layer, and the output layer, as shown
in Fig. 6. Each layer consists of several neurons, and there are
weights W and biases b between each layer. Each neuron of
the hidden layer and the output layer has an activation function
g(x). The input layer has x inputs and the output layer has y
outputs. Here, we take an ANN with two neurons in the input
layer, three neurons in the hidden layer, and two neurons in the
output layer as an example to illustrate its basic structure and
working principle.

As shown in Fig. 7,ωl
jk represents the weight coefficient from

the jth neuron in the (l-1)th layer to the kth neuron in the lth layer;
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Fig. 8. Principle of forward propagation.

bl
j represents the bias value of the jth neuron in the lth layer;

and al
j represents the output of the jth neuron in the lth layer.

Therefore, the output of the jth neuron in the lth layer can be
expressed as

alj = g

(∑
k

wl
jka

l−1
k + blj

)
(22)

where g represents the activation function, the activation func-
tion of the hidden layer neurons in this article is the “Tanh”
function

g(x) =
2

1 + e−2x
− 1. (23)

The activation function of the output layer neurons in this
article is the “Purelin” linear function

g(x) = x. (24)

It is worth mentioning that the commonly used activation
function, in addition to the ones mentioned above, is the “ReLu”
function, which is expressed as follows:

g(x) =

{
0, x < 0
x, x ≥ 0

. (25)

The basic principle of ANN is forward propagation, as shown
in Fig. 8. The input of the first neuron in the input layer is x1. The
input of the second neuron in the input layer is x2. The output
of the first neuron in the hidden layer is

a21 = σ
(
ω2
11x1 + ω2

21x2 + b21
)
. (26)

Similarly, the output of the second neuron in the hidden layer
is

a22 = σ
(
ω2
12x1 + ω2

22x2 + b22
)
. (27)

The output of the third neuron in the hidden layer is

a23 = σ
(
ω2
13x1 + ω2

23x2 + b23
)
. (28)

As a result, the output of the first neuron in the output layer is

a31 = σ
(
ω3
11a

2
1 + ω3

21a
2
2 + ω3

31a
2
3 + b31

)
. (29)

The outputs of the other neurons in the output layer follow
the same procedure as described above. Since all ANN out-
puts are consequently calculated layer by layer in the forward
direction, the term “forward propagation” is coined. There-
fore, ANN actually is a function of inputs x, weights W, and
biases b

y = f (W , b;x) (30)

or more simply y = f(s), where x = [x1, …, xn]T, y = [y1, …,
yn]T, W = [ωl

jk], b = [bl
j] and f= [f1, …, fn]T.

B. Training Process of ANN

Technically, the training process of ANN is a process of
constantly adjusting the weight coefficients and biases between
different layers. As long as there are enough training data and
hidden neurons, an ANN may theoretically imitate any input
and output properties by altering the weight coefficient and
bias. The Backpropagation (BP) algorithm is widely employed
as a training method for NNs due to its exceptional accuracy
in fitting [33]. The basic principle of the BP algorithm is to
use the gradient descent method based on the error function
to calculate the error gradient of each neuron in the backward
propagation from the output layer and propagate it back to
the preceding layer. For each weight and bias, their values are
updated according to the gradient direction, learning rate, and
error function [34]. The definition of the error function is as
follows.

Assumingxm andym (m= 1, …, M) are the input and output
data that the ANN is required to learn. To achieve a network that
generates an output ym for the input xm, the error function that
minimizes the values of W and b is given by

Q(W , b) =
∑
m

|ym − f(xm)|2 (31)

where | · | denotes the Euclidean norm of a vector.
In this article, an NN uses an improved algorithm of the

BP algorithm called the Levenberg-Marquardt algorithm, which
is represented as “trainlm” algorithm in MATLAB Deeping
Learning Toolbox. In order to ensure a sufficient amount of data,
35 sets of data are randomly chosen, with 70% being used for
training, 15% for testing, and 15% for validation. The testing
data is used to track the training regression of the ANN, the
training data is used to train it, and the validation data prevents
it from over-fitting.

C. Using ANN to Emulate Cascaded FCS-MPC

This article adopts an input layer, hidden layer, and output
layer structure when ANN is applied to MMC. The input layer
of the ANN is made up of seven neurons because it is used
to emulate cascaded FCS-MPC. These neurons represent the
grid-side current reference value ij∗(k + 1), upper arm current
iju, lower arm current ijl, upper arm voltage vju, lower arm
voltage vjl, grid-side voltage uj, and circulating current reference
value i∗diffj. The output layer consists of two neurons, denoted
as nuj and nlj, which correspond to the number of submodules
in the upper and lower arms, respectively. In order to ensure
that the number of submodules remains an integer, the round
function is employed in this context to round off the output. The
complete structure is shown in Fig. 9.

In theory, the more hidden layer neurons, the higher the degree
of fitting to the original algorithm, but the greater the amount of
computation, and vice versa. Six neurons (simulation) and four
neurons (experiment) in the hidden layer are selected to ensure
the fitting properties and minimize the computational load in
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Fig. 9. ANN structure for MMC.

this article. As depicted in Fig. 10, the entire ANN structure for
simulating cascaded FCS-MPC to control MMC.

First, the input and output data of cascaded FCS-MPC are
collected. Next, gather input and output information for offline
ANN training. These data are used to train the ANN offline,
making the input and output properties essentially consistent
with cascaded FCS-MPC. Finally, cascaded FCS-MPC will be
replaced online by a trained ANN.

It is worth pointing out that all training data of ANN in this
article are input-output data of cascaded FCS-MPC under ideal
grid conditions. However, the ANN trained on data based on
ideal grid conditions still performs well under nonideal grid and
grid impedance variation conditions. This is because of the fault
tolerance and generalization properties of ANN. The specific
theoretical basis will be presented in Section IV-E.

D. Control Delay Compensation for ANN

The delay compensation strategy of cascaded FCS-MPC is a
two-step ahead prediction. The anticipated value of the control
variable at time step k + 2 is calculated in accordance with
the switching combination of the prior control period, and the
best switching combination is then achieved by minimizing the
value function. In essence, the switching combination of the
previous control period (time step k + 1) is used as the input of
the next control period (time step k + 2) to predict. The delay
compensation strategy for ANN operates in a similar manner,
using the switching combination from the preceding control
period as its input.

Therefore, a total of nine neurons make up the input layer of
the ANN with delay compensation strategy, and in addition to the
seven control variables described above, it additionally requires
the inserted submodule numbers nuj(k-1) and nlj(k-1) of the
upper and lower arms of the previous control period. Fig. 11
depicts the ANN structure with a delay compensation strategy.

E. Theoretical Basis for Improving Grid Adaptability by ANN

The ability of ANN to improve grid adaptability mainly comes
from two inherent characteristics, namely fault-tolerance and
generalization. The following will discuss these two character-
istics of ANN separately.

1) Fault-Tolerance: Taking the nonlinear system sgn (ReLu
(x)) as an example, where sgn(x) is

sgn x =

⎧⎨
⎩
1, x > 0
0, x = 0
−1, x < 0

. (32)

If an input x is distributed according to a Bernoulli distribution
with a probability parameter of p = 0.5 and is combined with
noise ε∼M (0,1), then the resulting noisy input has a 50%
probability of not influencing the output computed by sgn (ReLu
(x)). This demonstrates the property of fault tolerance. In this
fault tolerance example, it is evident that the data x follows a
nonidentically distributed, independent random noise ε, and that
the nonlinear system helps to filter out the noise. The situation
where the data has a different distribution from the noise is
almost inevitable in the input of ANN. Moreover, ANN typically
contains a large number of such nonlinear processes, or “non-
linear filters” [35]. Therefore, ANN itself is a superior nonlinear
filter. In practice, when the grid encounters some nonideal states
or different grid impedance, ANN can filter out the perturbed
data and noise, and obtain accurate output results, providing
excellent fault tolerance and robustness. Consequently, it is
possible to enhance grid adaptability of MMC by leveraging
the fault tolerance of ANN.

2) Generalization: The generalization ability of ANN refers
to its ability to adapt to new samples, that is, its ability to
approximate the target value of a given input that is not included
in the training set. The above-mentioned principle is formulated
mathematically as follows [36].

Assuming x̂m is an input signal similar to the training sample
xm, that is

x̂m = xm + d (33)

where d = [d1, …, dn]T and di is a small random variable.
Therefore, due to the interference of d, the variation generated
by the network output is as

δŷm = f(xm + d)− f(xm) ≈ (∂f(xm)/∂x)d (34)

where �f(xm)/�x = [�fi/�xi]. Assuming d is a random vector
independent of xm, and its mean and variance are as

〈d〉 = O,
〈
ddT

〉
= σ2En (35)

where 〈·〉 represents the mathematical expectation of the random
variable, and En is the identity matrix of size n.

If the mean ratio of the variances of |δŷm| and |d| is defined
as the sensitivity S of the ANN, then

S =
∑
m

〈
|δŷm|2

〉/〈
|d|2

〉
=
∑
m

〈
δŷ(m)T δŷ(m)

〉/〈
dTd

〉
.

(36)

According to (29) and (30), S can be approximated as (the
detailed calculation process is shown in the Appendix)

S ≈
∑
m

‖∂f(xm)/∂x‖2/n (37)

where || · || represents the Euclidean norm of a matrix, which
is specifically defined as ||A||2 = tr (AAT) =

∑
i,j a

2
ij(A=

[aij]).(tr(·) represents the trace of a matrix.)
Clearly, a smaller sensitivity S indicates that the ANN is less

sensitive to new input data that is similar to the training data.
Therefore, it would be logical to aim for the smallest possible
values of both Q and S. This concept gives rise to the following
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Fig. 10. Process of ANN emulating cascaded FCS-MPC.

Fig. 11. ANN structure with a delay compensation strategy.

objective function that needs to be minimized:

R = Q+ αS

=
∑
m

{
|ym − f(xm)|2 + (α/n)‖∂f(xm)/∂x‖2

}
(38)

where α (α > 0) is a weighting parameter.
Equation (38) indicates that minimizing R can both minimize

the error function Q and reduce the sensitivity of ANN. In other
words, minimizing (38) can enhance the generalization ability
of ANN while updating its weights W and biases B. This can be
achieved through the BP algorithm without any changes. Thus, a
well-trained ANN can produce the correct output even for input
data that has not been trained, as long as the input data does
not deviate too much from the trained data. As a result, ANN
exhibits strong robustness and adaptability, which allows it to
maintain good control performance even under different grid
impedances and nonideal grids.

It is worth mentioning that adding noise to the input data can
enhance the generalization capability of ANN [36]. Therefore, in
this paper, fluctuations are introduced in the grid voltage and the
parameters of the MMC to improve the generalization capability
of the ANN. The detail of adding noise is shown in Section IV-F.

TABLE I
PARAMETER FLUCTUATION RANGE

F. Data Collection and Training Steps

In order to collect sufficient data for training ANN, an accurate
MMC rectifier model using an overall control strategy is run
in MATLAB/Simulink. The overall control strategy will be
explained in detail in Section V. To make ANN suitable for
various MMC rectifier operating conditions, ANN is trained at
various power levels. Since the ac-side power in the simulation
ranges from 0 to 6 MW, the equivalent resistance on the dc-side
ranges from open circuit to 65Ω. The dc-side resistance of MMC
is determined by taking 35 resistance values, ranging from small
to large and ultimately to open circuit, within the resistance
range of 65 Ω to open circuit. The experiment uses the same
methodology for gathering data as the simulation. Up to the
open circuit, the dc-side resistance steadily rises from 30 Ω. The
35 sets of data allow the ANN to be configured to operate under
a variety of power situations.

The grid voltage and parameters of MMC must fluctuate
within a specified range in order to guarantee the resilience of
ANN and its adaptation to the grid. Simulation and experiment
follow the same parameter fluctuation rules. When the grid and
parameters of MMC fluctuate within a certain range, the grid
voltages, arm currents and arm voltages of MMC will change,
which is equivalent to adding noise to the training data of
ANN. This article presents fluctuations of grid voltage, dc-side
voltage, submodule capacitance, ac-side inductance, and arm
inductance, as shown in Table I. At 35 different power levels,
the above-mentioned parameters are randomly selected within
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TABLE II
TRAINING RESULTS

Fig. 12. Overall control strategy for MMC-based active rectifier.

the fluctuation range. A total of 20 000 data points are gathered
for each input and output of cascaded FCS-MPC at each power
level. Because there are seven inputs and two outputs, a total
of 6 300 000 bits of data are collected for simulation and ANN
without delay compensation (see Fig. 9). Because there are two
outputs and nine inputs for the ANN with delay compensation
(see Fig. 11), a total of 7 700 000 data are gathered.

After collecting data, use the “trainlm” function in MATLAB
Deeping Learning Toolbox to train the ANN. The training results
of the simulation and experiment are shown in Table II. The
experiment is divided into ANN with delay compensation and
ANN without delay compensation. Table II demonstrates that
the simulation exhibits higher training accuracy as a result of
the extensive nodes of hidden layers. Due to the larger amount
of data in ANNs with delay compensation, more training time
is required.

V. OVERALL CONTROL STRATEGY FOR THE MMC-BASED

ACTIVE RECTIFIER

Fig. 12 shows the overall dual control loop for an MMC-based
active rectifier. Cascaded FCS-MPC or ANN is used as the inner
current loop to output the inserted number of submodules in the
upper arm and lower arm. To maintain the dc-bus voltage Vdc at
the voltage reference value V∗

dc, an outer dc-bus voltage control
loop with a PI controller is used. The phase-locked loop is used
to lock the grid-side voltage to obtain the grid angle θ. The output

TABLE III
SIMULATION PARAMETERS

of the outer dc-bus voltage control loop through the PI controller
is the active component of the grid-side current reference i∗d.

According to instantaneous power theory{
P = uaia + ubib + ucic
Q = 1√

3
[(ua − ub)ic + (ub − uc)ia + (uc − ua)ib]

. (39)

When (36) is converted to the dq coordinate system,
the expression of active power and reactive power is as
follows: {

P = 1.5(udid + uqiq)
Q = 1.5(uqid − udiq)

. (40)

If the grid-side voltage is oriented to the d-axis, then uq = 0.
Thus, (40) can be simplified as{

P = 1.5udid
Q = −1.5udid

. (41)

Therefore, the reactive component of the grid-side current
reference i∗q is Q∗/(−1.5ud). Q∗ is the reactive power reference
value. To ensure that the system power factor remains constant
as 1, Q∗ is set as 0 in this article. ud is the d-axis component of the
grid-side voltage. The active power P and reactive power Q of
the system can be calculated in real time according to (39), and
calculations of the circulating current reference value i∗diffj(k +
1) can be made in accordance with (18).

VI. SIMULATION AND EXPERIMENTAL RESULTS

A. Simulation Results

To validate the effectiveness of the ANN algorithm proposed
in this article, a simulation of the MMC-based active rectifier
is constructed in MATLAB/Simulink. The parameters of the
simulation are shown in Table III.

Since the submodule capacitor stores energy and transports
currents in the MMC, its design is essential. It is crucial to
balance the capacitor size against the requirements for sub-
module voltage ripple. Generally, the submodule ripple voltage
is kept below ±5% by selecting a cell capacitor. Based on
a permitted peak-to-peak ripple magnitude for the submodule
capacitor voltage, the capacitance value of the submodule can
be computed [37]

Csm =
Sn

3NmuCrΔucω cosϕ

[
1−

(m cosϕ

2

)2] 3
2

(42)
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Fig. 13. Simulation results of external steady-state performance of cascaded
FCS-MPC and ANN. (a) Three-phase grid-side current of cascaded FCS-MPC.
(b) Phase-a grid-side current spectrum of cascaded FCS-MPC. (c) Three-phase
grid-side current of ANN. (d) Phase-a grid-side current spectrum of ANN.

where m is the modulation index, uCr is the rated voltage of
the submodule, Δuc is the allowable fluctuation in the voltage
of the submodule capacitor, and cosϕ is the power factor angle.
When MMC only transmits active power, power factor angle
cosϕ = 1. In the simulation, the modulation index m is 0.816.
The maximum allowable fluctuation range of the submodule
is ±5%, then Δuc = 5%Uc = 100 V. Therefore, Csm can be
calculated as 2970 μF. Considering a certain margin, take 3300
μF capacitor as the final submodule capacitance value.

Similarly, the selection of arm inductance is also significant.
If the arm inductance is too small, it will cause a large circulating
current and more harmonic currents in the MMC rectifier. If the
arm inductance is too large, it will affect the current tracking
speed of the control system, increase the system volume, and
increase the cost. Therefore, it is necessary to reasonably select
the size of the arm inductance. In order to meet the requirements
of circulating current second harmonic, maximum arm ripple
current, resonance with the submodule capacitance, and the
short-circuit current limit, based on the worst voltage jump of
the arm during the transient process, an approximate calculation
formula for the arm inductance is obtained [38]

Li =
Ucmax

4mΔiarmmaxfs
(43)

where Ucmax is the maximum voltage of the submodule capac-
itor. Δiarmmax is the maximum ripple value of the arm current.
fs is the switching frequency of MMC.

The maximum allowable ripple of the arm is set to 20%. The
value of fs is taken as 1500 Hz in this article. As a result, the
arm inductance Li can be calculated to be 7.8 mH. Considering
a certain margin, take Li = 10 mH.

The external steady-state three-phase grid-side current of a
cascaded FCS-MPC and ANN is shown in Fig. 13(a) and (c).
Their spectrum is shown in Fig. 13(b) and (d). Both of the two
methods, as can be seen, are able to attain excellent steady-state
performance and low THD characteristics. The THD of cascaded
FCS-MPC is 2.14%, as shown in the figures, but the THD

Fig. 14. Simulation results of the internal steady-state performance of cas-
caded FCS-MPC and ANN. (a) Upper arm current, lower arm currant, and
circulating current of phase-a of cascaded FCS-MPC. (b) Enlarged view of the
circulating current of phase-a of cascaded FCS-MPC. (c) Upper arm current,
lower arm currant, and circulating current of phase-a of ANN. (d) Enlarged
view of the circulating current of phase-a of ANN.

of ANN is 1.43%, demonstrating that ANN achieves greater
steady-state performance.

Fig. 14(a) shows upper arm current, lower arm currant, and
circulating current of phase-a of cascaded FCS-MPC. Fig. 14(b)
is the enlarged view of the circulating current in Fig. 14(a). As
indicated in Fig. 14(b), the second stage control successfully
suppresses the circulation current, which has an amplitude of
-10 to 10 A. The phase-a upper arm, lower arm, and circulating
currents of the ANN are shown in Fig. 14(c), and the larger
version of the circulating current is shown in Fig. 14(d). As
compared to cascaded FCS-MPC, the control impact of ANN
on arm currents and circulating currents is nearly identical. The
circulating current is likewise successfully suppressed, and the
arm currents of phase-a exhibit comparable quasi-sinusoidal
characteristics.

In order to verify the dynamic response of ANN, the load on
the dc-bus is set to change from 120 to 100 Ω at 2.5 s. As shown
in Fig. 15(a), when the dc-bus load abruptly changes, the active
power reference P∗ immediately shifts from 3.3 to 4 MW. It is
clear that the actual active power P rapidly follows the reference
value P∗ and eventually remains at 4 MW. The voltage of dc-bus
Vdc is shown in Fig. 15(b) when there is an abrupt change in the
dc-bus load. The diagram demonstrates how, in the event of
a load disturbance, the actual value of the dc-bus voltage Vdc

fluctuates briefly before quickly returning to the reference value
V∗

dc. When the dc-bus load changes abruptly, the three-phase
grid-side currents are depicted in Fig. 15(c). Similarly, during
the dc-bus load fluctuation, the grid-side currents can be quickly
updated. Fig. 15(d) shows the first submodule capacitor voltage
on the a-phase upper and lower arms during a dc side load mu-
tation. The figure shows how, before the dc-bus load mutation,
the submodule capacitor voltage fluctuates around 2000 V and
quickly stabilizes at roughly 2000 V after the dc-bus load muta-
tion. The voltage fluctuation of the submodule capacitors grows
as active power transmission increases. Consequently, Fig. 15
demonstrates that the ANN has good dynamic performance.
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Fig. 15. Simulation results of transient-state performance of ANN. (a) Active
power and reactive power. (b) DC-bus voltage. (c) Three-phase grid-side cur-
rents. (d) Capacitor voltages of the first submodule in the upper arm and lower
arm of phase-a.

To verify the adaptability of ANN under unbalanced grid
voltage conditions, Fig. 16 shows the grid-side voltage and
grid-side current of ANN under unbalanced grid voltage con-
ditions, where the three-phase voltage is set to 60%, 80%, and
100% of the nominal value, respectively. When the grid-side
voltage is lower than the normal value, the positive-sequence
voltage will decrease. As the outer loop in this article adopts a
constant dc-bus voltage control mode, the grid-side current will
increase to ensure the transfer of power of dc-bus, as shown in
Fig. 16(b). As can be seen, although the grid voltage is severely
unbalanced, the grid-side current remains balanced with a THD
of only 1.01%, which is completely unaffected by the unbalance
on the grid side. This demonstrates the generalization and fault
tolerance of ANN. Even if an unbalanced grid leads to biased
input data for ANN, it can still produce accurate outputs, thus
enhancing the adaptability of the power grid.

To verify the adaptability of ANN under distorted grid voltage
conditions, 10% of the 5th harmonic is introduced into the grid,

Fig. 16. Simulation results of ANN under unbalanced grid voltage condition.
(a) Grid-side voltage. (b) Grid-side current.

Fig. 17. Simulation results of ANN under distorted grid voltage condition.
(a) Grid-side voltage. (b) Grid-side current.

as shown in Fig. 17(a). Fig. 17(b) shows the grid-side current
when ANN is adopted. It can be seen that even though the grid
is severely distorted, the grid current remains a three-phase sine
wave with a THD of 1.51%, indicating that it is not affected
by the distorted grid. Similarly, in the case of a distorted grid,
the distortion of the power grid leads to a bias in the input
training data of ANN that is based on the ideal power grid.
However, owing to the nonlinear filtering characteristics and
generalization of ANN, the output of ANN remains accurate.
Therefore, the simulation results demonstrate that ANN has
good adaptability to grid distortion.

Simulations are run on both methods under parameter mis-
match situations to confirm that ANN had superior adaptability
and robustness over cascaded FCS-MPC. The mismatch varies
between 4 and 6 mH for the grid-side inductance and between
8 and 12 mH for the arm inductance. The grid-side current’s
THD under parameter mismatch is shown in Fig. 18. It can
be shown that cascaded FCS-MPC has a greater THD and
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Fig. 18. Simulation results of cascaded FCS-MPC and ANN when gird and
MMC parameters are mismatched. (a) Grid-side current THD of cascaded FCS-
MPC. (b) Grid-side current THD of ANN.

Fig. 19. MMC-based active rectifier experimental prototype.

is more susceptible to parameter mismatch. On the contrary,
ANN displays lower THD in grid-side current under parameter
mismatch due to its stronger tolerance to parameters. This is
because cascaded FCS-MPC relies on mathematical models for
control. When there are changes in the actual model or grid,
it deviates from the original FCS-MPC model and negatively
affects the output of cascaded FCS-MPC. In contrast, ANN is
based on data learning and does not rely on specific mathematical
models. It has strong generalization and fault tolerance. Even
when there are changes in the actual model or grid, ANN can
still provide correct outputs. As a result, ANN demonstrates
stronger adaptability to grid impedance and better robustness.

E. Experimental Results

To verify the effectiveness of the algorithm proposed in this
article, a downscaled five-level MMC-based active rectifier ex-
perimental prototype was built as shown in Fig. 19. The entire
control system is constructed by a two-layer structure. The mas-
ter control board, which consists of a DSP (TI-TMS320F28335)
and an FPGA (Xilinx-XC3S500E), is the top layer structure.
The three ADCs (ADI-AD7656) are used to sample grid-side
voltages, currents, and arm currents. The DSP is mainly used
for executing the outer dc-bus loop and the calculation of ANN
or MPC, and the FPGA mainly executes the sorting algorithm.

Fig. 20. Entire two-layer control system.

TABLE IV
EXPERIMENTAL PARAMETERS

The second layer structure contains 24 slave control boards.
Each slave control board has an FPGA (Xilinx-XC3S200A)
and an ADC (MAXIM-MAX1393) to sample 24 submodule
capacitor voltage. Optical fibers link the master control board to
the slave control board. Switching combinations are sent from
the master control board to the slave control board. By the sorting
approach and pulse signals processing, the final gate pulses
are generated. Meanwhile, the master control board receives
24 submodule capacitor voltages from the slave control board.
Universal asynchronous receiver/transmitter protocol is used as
the method of communication between the two control boards.
The entire two-layer control system is shown in Fig. 20.

The experimental parameters are shown in Table IV. Similar
to simulation, 35 sets of data were collected in the experiment
under a variety of working conditions, namely, the dc-bus load
varies from no load to full load. Also, the range of parameter
fluctuations remains consistent with Table II.

In Fig. 21, the steady-state grid-side voltage, current, and
dc-side voltage of phase-a for cascaded FCS-MPC and ANN
are shown. The grid-side current of phase-a for both methods is
sinusoidal, and the dc-bus voltage is stabilized at its reference
value, as can be seen in Fig. 21(a) and (c). It is clear from
Fig. 21(b) and (d) that both algorithms maintain the excellent
grid-side current harmonic properties. Because the THD of ANN
is 1.4% and that of cascaded FCS-MPC is 2.1%, ANN clearly
shows better harmonic characteristics.

The upper arm current, lower arm current, and circulating
current of phase-a for cascaded FCS-MPC and ANN are shown
in Fig. 22. Similar to the simulation, it can be observed that under
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Fig. 21. Experimental results of the external steady-state performance of
cascaded FCS-MPC and ANN. (a) Phase-a grid-side voltage, current, and
DC-bus voltage of cascaded FCS-MPC. (b) Phase-a grid-side current power
quality analysis results of cascaded FCS-MPC. (c) Phase-a grid-side voltage,
current, and DC-bus voltage of ANN. (d) Phase-a grid-side current power quality
analysis results of ANN.

Fig. 22. Experimental results of internal steady-state performance of cascaded
FCS-MPC and ANN. (a) Upper arm current, lower arm currant, and circulating
current of phase-a of cascaded FCS-MPC. (b) Upper arm current, lower arm
currant, and circulating current of phase-a of ANN.

both algorithms, the arm currents exhibit quasi-sinusoidal char-
acteristics, and the circulating current is effectively suppressed.

The dc-bus voltage, phase-a grid side voltage, and current are
shown in Fig. 23(a) when the dc-bus load is abruptly reduced
from 200 to 100Ω. After a brief oscillation, it can be seen that the
dc-bus voltage soon returns to the reference value of 200 V, the
grid side voltage stays constant, and the grid side current slightly
increases and reaches the corresponding value quickly. When the
load is suddenly changed, the first submodule capacitor voltage
on the phase-a upper and lower arms is shown in Fig. 23(b). The
voltage of the submodule capacitor returns to about 50 V after a
brief adjustment when the dc-bus load is abruptly adjusted. As a
result, it can be concluded that ANN performs a great transient
state.

Fig. 24 presents a comparison of experimental results under
unbalanced grid conditions for cascaded FCS-MPC and ANN.
Fig. 24(a) shows the unbalanced grid voltage, which is consistent
with the simulation. Here, the voltage values of phase a, b, and
c are respectively set to 60%, 80%, and 100% of the normal

Fig. 23. Experimental results of the transient-state performance of ANN.
(a) Phase-a grid-side voltage, current, and DC-bus voltage of ANN. (b) Capacitor
voltages of the first submodule in the upper arm and lower arm of phase-a.

Fig. 24. Experimental comparison between cascaded FCS-MPC and ANN
under unbalanced grid voltage condition. (a) Three-phase unbalanced grid-side
voltage. (b) Three-phase grid-side current of cascaded FCS-MPC. (c) Three-
phase grid-side current of ANN. (d) Phase-a grid-side current power quality
analysis results of cascaded FCS-MPC. (e) Phase-a grid-side current power
quality analysis results of ANN.

voltage value. It can be observed from Fig. 24(b) and (c) that
grid-side currents of both cascaded FCS-MPC and ANN exhibit
good performance under unbalanced grid conditions. However,
from Fig. 24(d) and (e), it can be seen that the THD of grid-side
currents of ANN is still much smaller than that of cascaded FCS-
MPC. Similar to simulations, in an unbalanced grid scenario, the
input data of ANN may deviate from the input data based on the
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Fig. 25. Experimental comparison between cascaded FCS-MPC and ANN
under distorted grid voltage condition. (a) Three-phase distorted grid-side volt-
age. (b) Three-phase grid-side current of cascaded FCS-MPC. (c) Three-phase
grid-side current of ANN. (d) Phase-a grid-side current power quality analysis
results of cascaded FCS-MPC. (e) Phase-a grid-side current power quality
analysis results of ANN.

ideal grid. However, due to the generalization and fault-tolerance
of ANN, it can still generate correct outputs. Consequently, ANN
demonstrates excellent adaptability and superior performance
under unbalanced grid conditions even if the training data for
ANN is an ideal grid.

Fig. 25 presents the experimental results of cascaded FCS-
MPC and ANN under distorted grid conditions. Fig. 25(a)
shows the distorted grid, which is consistent with the simulation.
Here, 10% of 5th harmonic is injected into the ideal grid.
Fig. 25(b) and (c) shows the three-phase grid-side currents of
cascaded FCS-MPC and ANN under distorted grid conditions,
respectively. As can be seen, cascaded FCS-MPC and ANN
can achieve good grid-side currents even under distorted grid
conditions. Nevertheless, in Fig. 25(d) and (e), it can be seen
that the THD of the grid-side current of ANN is still smaller than
that of cascaded FCS-MPC. Likewise, a distorted grid results
in input data deviation for ANN. However, the fault tolerance
and generalization of ANN enable it to still generate correct
outputs. As a consequence, ANN shows better grid adaptability
and performance under the distorted grid even if the training
data for ANN is an ideal grid.

To further demonstrate the adaptability of ANN to the grid,
Fig. 26 shows the experimental results of ANN under single-
phase-to-ground fault. Fig. 26(a) shows the ac-side voltages.
When the single-phase-to-ground fault occurs, the voltage of
phase-a suddenly changes to 0, while phase-b and phase-c

Fig. 26. Experimental results of ANN under single-phase-to-ground fault. (a)
Three-phase grid-side voltage. (b) Three-phase grid-side current (c) Upper arm
current, lower arm current, circulating current of phase-a and DC-bus voltage.
(d) Capacitor voltages of the first submodule in the upper arm and lower arm of
phase-a.

remain unchanged. In Fig. 26(b), it can be seen that when the
single-phase-to-ground fault occurs, the ac-side currents rapidly
increase to maintain stable power transmission. As demonstrated
in Fig. 26(c), the arm currents rapidly increase in a manner
similar to the ac-side currents. At the same time, the circulating
currents also increase correspondingly. This is because the circu-
lating currents have both negative-sequence and zero-sequence
components. Fig. 26(d) shows the voltage of the submodule
capacitor. Because of the presence of negative-sequence and
zero-sequence voltage in the dc-side voltage, its fluctuation
value also increases. Consequently, despite the fact that ANN
is only trained in ideal grid scenarios, its fault tolerance and
generalization allow it to function correctly even in the event
of the single-phase-to-ground fault, indicating its excellent grid
adaptability.

In order to verify that ANN has better grid adaptability and
robustness than cascaded FCS-MPC, the harmonic characteris-
tics of the two algorithms are compared under the condition that
the grid-side inductance changes from 10, 15 to 20 mH, and the
arm inductance varies between 3, 4, and 5 mH. Fig. 27 shows the
grid-side current THD of the two algorithms when inductance
parameters are mismatched. As can be shown, with cascaded
FCS-MPC control, the grid-side current THD is significantly
high in the case of parameter mismatches. The grid-side current
THD is still low under ANN control in the case of parameter
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Fig. 27. Experimental results of cascaded FCS-MPC and ANN when grid and
MMC parameters are mismatched.

Fig. 28. ANN without delay compensation. (a) Phase-a grid-side voltage,
current, and DC-bus voltage. (b) Power quality analysis results.

mismatches, and it is lower than that of cascaded FCS-MPC in
all parameter mismatch scenarios. Similar to simulations, this is
because of the inherent drawback of FCS-MPC, which relies on
mathematical models for control. When the actual model or grid
parameters change for various reasons, the FCS-MPC model
may no longer be adapted to the altered model, leading to control
deterioration. However, the fault tolerance and generalization
of ANN can avoid this drawback. When grid parameters or
the actual model deviates, ANN can not only filter out input
noise caused by the deviation but also adapt to the change
in power grid parameters or changed model, exhibiting good
power grid adaptability and robustness. As a result, ANN shows
much better grid adaptability and robustness than cascaded
FCS-MPC.

Fig. 28 shows the grid-side voltage, current, and dc-bus
voltage of phase-a without delay compensation. As can be
observed, ANN can also achieve steady dc-bus voltage without
delay compensation, and the grid-side current is sinusoidal.
However, because of the inherent computational delay of the
digital controller, the grid-side current contains unnecessary
ripple, leading to a large increase in THD and deterioration
of control performance. Compared with Fig. 21(c) and (d), the
ANN with delay compensation technique significantly lowers
the ripple of the grid-side current, resulting in a sharp re-
duction in THD. Therefore, the proposed delay compensation
strategy for ANN in this article solves the problem of deteri-
oration of ANN control performance caused by computational
delay.

To evaluate the calculation burden under cascaded FCS-MPC
and ANN, the overall program execution time of these two
methods in one sampling period is shown in Fig. 29. The signal

Fig. 29. Overall execution time of the two methods. (a) Cascaded FCS-MPC.
(b) ANN.

is set to one and zero at the start and the end of these two
approaches, respectively. As can be seen from the comparison,
the overall execution time of cascaded FCS-MPC is around
113 μs, while the overall execution time of ANN is about 90 μs,
which indicates that ANN’s computational burden is lower than
cascaded FCS-MPC. Furthermore, it should be emphasized that
cascaded FCS-MPC’s calculation burden increases dramatically
with the rise of submodule numbers, while the calculation
burden of ANN does not increase with the rise of submodule
numbers. Therefore, ANN-based control strategies are suited
for engineering applications.

VII. CONCLUSION

In this article, the grid adaptability of the MMC-based rectifier
with the MPC implemented by the ANN technique is investi-
gated. The data of cascaded FCS-MPC under ideal grid is used
to train the ANN offline. Once trained, the ANN is used online to
replace the cascaded FCS-MPC under nonideal grid, ideal grid,
and varied grid impedance. Benefiting from the fault tolerance of
ANN, it can function as a nonlinear filter to filter out noise in in-
put data. At the same time, the generalization of ANN guarantees
that it can produce accurate results as long as input fluctuations
are within a certain range. These two aspects complement each
other, providing the MMC-based rectifier controlled by the ANN
with excellent grid adaptability and robustness. Simulations and
experiments are implemented under an ideal grid, unbalanced
grid, distorted grid, and varying grid impedance to validate the
control accuracy, robustness, and grid adaptability of the ANN,
with the results compared to cascaded FCS-MPC. It can be seen
that the grid adaptability of the MMC-based rectifier is enhanced
by employing ANN as the primary control algorithm. Besides,
the proposed delay compensation strategy for ANN successfully
ensures the control performance under the calculational delay of
the digital controller. In conclusion, the studied MPC strategy
implemented by the ANN technique could be an effective control
manner for the MMCs connected to the nonideal grids.
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APPENDIX

According to (29) and (30), (32) can be approximated as

S =
∑
m

〈
δŷ(m)T δŷ(m)

〉
/
〈
dTd

〉

≈
∑
m

〈
dT (∂f(xm)/∂x)T (∂f(xm)/∂x)d

〉
/
〈
dTd

〉

=
∑
m

〈
tr[(∂f(xm)/∂x)ddT (∂f(xm)/∂x)T ]

〉
/
〈
tr(ddT )

〉

=
∑
m

σ2tr{[(∂f(xm)/∂x][∂f(xm)/∂x]
T }/(nσ2)

=
∑
m

‖∂f(xm)/∂x‖2/n.
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