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ABSTRACT This paper describes an advanced algorithm for current control in a modular multilevel
power converter. The proposed algorithm is based on deadbeat model predictive control, which is further
enhanced by applying an artificial neural network. Rather than supplanting the existing predictive controller,
the neural network is used to supplement it, thereby improving control performance. The reference current
tracking capability is enhanced under all operating conditions, particularly in cases where the reactive
elements of the converter exhibit a relatively high resistive component. By introducing the neural network,
the inherent delay of model predictive control in such scenarios is virtually eliminated, which reduces the
overall control error. The network is trained offline on a set of control inputs obtained by optimizing the
current response in a wide range of operating modes. Algorithm verification is performed for a three-
phase modular multilevel converter in different steady-state and transient conditions. A state-of-the-art
high-fidelity real-time simulator is used in both the algorithm development and verification stages.

INDEX TERMS Current control, model predictive control, modular multilevel converter, neural network,
real-time simulator.

I. INTRODUCTION

THE modular multilevel converter (MMC) is a promis-
ing technology for high- and medium-voltage, high-

power direct current applications, such as high-voltage DC
(HVDC) transmission, renewable energy generation, electric
propulsion, and storage systems [1]. Despite its numerous
advantages over competitive topologies, including better
controllability, unity power factor operation, and lower cur-
rent harmonic distortion, the MMC remains a challenging
topology in terms of design and control complexity. One of
the main aspects to consider is AC current control, which
depends strongly on the circuit parameters, particularly the
grid-side and MMC arm impedances. Namely, depending on
the resistive component of the impedance, conventional AC
current controllers cannot successfully track the reference
value. Even more advanced control techniques, such as
MPC [2], [3], sliding mode control [3], backstepping control
[3], and others, are often not sufficiently precise when the
grid-side or arm impedances are variable or comprise a
significant resistive component.

Due to their enhanced adaptability and robustness,
machine learning algorithms [4], [5] are expected to improve
control performance in such operating conditions. MPC is
a powerful control for switching devices, such as MMCs
[6], [7], [8], driven by switching pulses generated by a
cost function solution. The applicability of MPC has been
demonstrated across various applications, such as hierarchi-
cal grid-forming control [7]. Similarly, MPC shows great
promise for grid-following control applications [8]. It is
important to note that these works [7], [8] only support outer
control loops. The cost function describes the optimization
problem with multiple optimization variables, processed
within microseconds, which proves suitable even for lower-
level control loops, such as capacitor voltage balancing
[2]. The application of machine learning in combination
with MPC therefore further improves the already good
performance of MPC and potentially reduces the computa-
tional burden. In the context of integrating neural networks
with model predictive control (MPC), the literature can be
broadly categorized into three groups:
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TABLE 1. Summary of NN-assisted / NN-emulated predictive control for power converters.

i) Neural networks acting as data-driven predictors
within FCS-MPC, while the control law remains
MPC-based [9], [10], [11],

ii) Neural networks employed for model or parameter
adaptation in conjunction with MPC [12], [13], and

iii) Neural networks fully replacing the MPC controller
[5], [6], [14], [15], [16], [17], [18], [19].

More information on research related to neural
network–assisted or emulated MPC is provided in
Table 1.

This paper presents an MMC current control algorithm
based on MPC, with a corrective action implemented via an
artificial neural network (NN). The application of NN further

improves the operation of the deadbeat MPC presented in
[2]. Contrary to the deadbeat control research carried out
in [23], [24], and [25], the control system proposed in [2]
considers non-linearities in the AC current prediction model.
However, this control mechanism cannot accurately track
the reference current in all plausible scenarios. Namely,
the deviation between the obtained and reference current
increases when the resistive component of the filter becomes
non-negligible. The introduction of the NN significantly
reduces this error, with no considerable increase in computa-
tional burden. It should be noted that the approach proposed
in this paper, unlike those presented in [15] and [25], does
not replicate the MPC algorithm using a neural network,
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FIGURE 1. Three-phase MMC structure.

but rather supplements it to improve overall performance.
Therefore, the proposed controller, with MPC at its core, still
relies on the physical model, while the neural network pri-
marily serves as a corrective action. In this way, the MPC’s
inherent feedback feature is retained, and an NN with a
relatively simple structure is sufficient. The effectiveness of
the proposed approach is demonstrated through real-time
simulation on a state-of-the-art RTDS device, showing that
the algorithm operates properly even under time-constrained
conditions at a sampling frequency of 1 kHz.

The paper is organized as follows. Section II describes
the MPC algorithm. The addition of NN is described in
Section III, including details on the control optimization
and implementation of NN-MPC. Section IV provides sim-
ulation results obtained using the RTDS. Conclusions are
given in Section V.

II. MPC ALGORITHM
In this paper, a three-phase MMC topology will be analyzed.
The three-phase MMC shown in Fig. 1 has three legs, each
belonging to one of the three phases j ∈ {a, b, c}. Each
leg consists of the upper and lower arms (denoted U and
L, respectively). Each arm of the MMC comprises NS M

half-bridge submodules (SM), represented by their averaged
equivalents, with Rarm and Larm being the equivalent arm
resistance and inductance, respectively. Furthermore, each
SM contains a capacitor CS M . The converter model is
developed using the Σ − ∆ nomenclature; the AC variables
in the upper and lower converter arms of an arbitrary phase
j can be represented as [26]:

i∆j = iUj − iL
j , iΣj =

iUj + iL
j

2
,

v∆
M j =

−vU
M j + vL

M j

2
, vΣ

M j = vU
M j + vL

M j, (1)

where iUj and iL
j are currents of the upper and lower arms,

while vU
M j and vL

M j are the corresponding arm voltages. The

DC and circulating current models are given with

didct =
1

2Larm

243vdc −
X

j=a,b,c

vΣ
M j − 2Rarmidc

35 , (2)

dijzt =
1

6Larm

24 X
j=a,b,c

vΣ
j − 3vΣj − 6Rarmijz

35 . (3)

The AC current is characterized by the following differential
equation [2]:

di∆j t =
2

Larm + 2Lr

�
v∆

M j −
Rarm + 2Rr

2
i∆j

�
, (4)

where Rr and Lr are the respective values of phase resistance
and inductance of the grid-side filter connected to the AC
terminals of the MMC (Fig. 1).

The applied MPC method is described in detail in a
recent publication [2]. The method is illustrated by the block
diagram in Fig. 2. The DC-bus current and the circulating
currents in all three phases are controlled using an optimal
voltage level (OVL) MPC algorithm. The predicted values
of currents for the next switching sample are derived from
dynamic models of DC-bus and circulating currents. Zero-
order discretization is applied when performing current
prediction; that is, a constant voltage value is assumed
during the entire switching period [2]. This means that the
average voltage value over the observed switching period
is used to estimate the current response. The prediction of
DC-bus and circulating current values over the course of
one switching interval Tsw is performed as follows:

ip
dc

�
(k + 1)

�
= idc(k)e−Tsw/τz

+

0@3Vdc −
X

j=a,b,c

VΣ
M j(k)

1A 1 − e−Tsw/τz

Rz
, (5)

ipjz
�
(k + 1)

�
= ijz(k)e−Tsw/τz

+

0@ X
j=a,b,c

VΣ
M j(k) − 3VΣMj(k)

1A 1 − e−Tsw/τz

3Rz
,

(6)

where VΣ
M j(k) = NΣ

j VS M j(k), while VS M j(k) is the average
submodule voltage across leg j at the time instant kTsw.
Parameters of the circulating current model are defined as
Rz = 2Rarm and τz = Larm/Rarm. Currents ip

dc(k + 1) and
ipjz(k + 1) are predicted values at the end of the current
switching period, while idc(k) and ijz(k) are measured DC
and circulating current values at the beginning of the current
switching period, in time instant kTsw. The optimal number
of submodules inserted in the observed leg, NΣ

j , is obtained
by minimizing the deviation between the reference values of
DC and circulating currents and their respective responses,
as described in detail in [2]. After obtaining the optimal
value of NΣ

j , the optimal number of submodules inserted
into the upper arm of each phase NU

j is determined. First,
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FIGURE 2. Block diagram of the MPC method [2] (highlighted blocks are modified in this paper).

FIGURE 3. Modulation principle used for MPC method; nU
j and

nL
j represent instantaneous values of the number of inserted

submodules in the upper and lower arms, respectively.

the AC current equation (4) is discretized and rearranged to
obtain the following form:

i∆,pj (k + 1) = i∆j (k)e
−Tsw
τac

+
V∆

M j(k)

Rac

�
1 − e

−Tsw
τac

�
, (7)

where τac = Lac/Rac is the time constant, Lac = Larm/2+ Lr

and Rac = Rarm/2 + Rr are the equivalent AC inductance
and resistance, respectively. The AC voltage V∆

M j(k) can be

expressed as

V∆
M j(k) =

NL
j (k)VL

S M j(k) − NU
j (k)VU

S M j(k)

2
, (8)

where VU
S M j(k) and VL

S M j(k) are the average voltages of
the submodules comprising the upper and lower arms,
while NU

j (k) and NL
j (k) represent the number of submodules

inserted in the upper and lower arms of the observed phase
[2]. It should also be noted that the condition NU

j (k) +
NL

j (k) = NΣ
j must be satisfied at all times. It should be

noted that, while NU
j and NL

j are generally non-integer
values, NΣ

j is always an integer. To retain the simplicity
of the algorithm, V∆

M j(k) in (7) is assumed constant during
the switching period. By replacing i∆,pj (k + 1) with the
desired current reference i∆j,re f (k+1), the number of inserted
submodules in the upper arm is obtained as [2]

NU
j (k) =

NΣ
j (k)VL

S M j(k) −
2Rac

�
i∆j,re f (k+1)−i∆j (k)e−Tsw/τac

�
1−e−Tsw/τac

VU
S M j(k) + VL

S M j(k)
. (9)

If the value NU
j calculated from (9) is non-integer, the num-

ber of inserted submodules in the upper arm varies during
the switching period, as shown in Fig. 3 and elaborated in
[2]. The average value of the variable number of inserted
submodules nU

j over one switching period is equal to the
requested non-integer value NU

j . The instantaneous number
of submodules inserted in the lower arm (nL

j ) is then varied
accordingly to maintain a constant value of the submodules
inserted per leg at all times (nU

j + nL
j = NΣ

j ). The varying
number of submodules inserted during a single switching
period clearly contradicts the assumption of constant AC
voltage. This voltage variation may compromise algorithm
accuracy under certain conditions, as explained shortly.

Provided that τac � Tsw, the current response changes lin-
early during the switching period, as observed in Fig. 4. The
reference current waveform, if assumed sinusoidal, is also
approximately linear over this interval. In that case, a trian-
gular modulation carrier [2] ensures a close match between
the current response and the reference at time instants Tsw/2
and Tsw, significantly improving the control accuracy. This
justifies the previously mentioned application of average
voltage in predicting the current response. However, if the
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FIGURE 4. The AC current variation during one switching period
in the case when fiac � Tsw .

FIGURE 5. The AC current variation during one switching period
when the condition fiac � Tsw is not satisfied.

share of Rac in the AC impedance is increased, the current
becomes appreciably non-linear and the response begins to
deviate significantly from the reference, as shown in Fig. 5.
In that case, the current response cannot be estimated using
the average voltage value, as the superposition principle is
no longer valid. Consequently, it is not possible to accurately
determine the required number of inserted submodules using
(9) in such scenarios.

Due to the non-linear current variation in the case
where the filter resistance is significant, along with the fact
that the voltage level changes twice during the switching
period, the underlying approximations of the MPC algorithm
become unacceptable. Obtaining the AC voltage reference
that ensures a minimal current tracking error under such
conditions becomes a task that the MPC algorithm in its
current form is not capable of tackling. To solve this
problem, the deadbeat algorithm is supplemented by an
artificial neural network (NN) to improve AC current control
in cases where the AC impedance contains a considerable
resistive component.

III. NN-ASSISTED MPC ALGORITHM
Based on the discussion in the previous section, the MPC
algorithm needs to be modified or supplemented to handle
AC current control when the resistive component of the AC
side impedance is significant. To address this issue, an NN is

introduced in combination with the MPC framework. Guide-
lines for NN training and implementation in a high-fidelity
real-time simulator are given in [4]. This approach results
in a novel hybrid controller that leverages the strengths of
MPC and NN, and is available as an open source online
library [27], [28]. The NN is used to adjust the voltage
reference, effectively improving the accuracy of the current
response. The following subsections detail the development
and structure of the proposed enhanced algorithm and its
implementation.

The NN structure is rather conventional, with three layers:
input, hidden, and output. The outputs of the NN are
reference voltage increments resulting in improved current
control. Further details on NN implementation are given in
Subsection B. The most challenging aspect is data prepara-
tion, as the NN’s outputs are initially unknown. Since these
should align with reference voltage adjustments that lead to
optimal current control performance, an optimization proce-
dure must be carried out first. This process is elaborated in
detail in Section A.

A. CONTROL OPTIMIZATION
The control variables in the MMC current control algorithm
are the reference output voltages. More specifically, the
number of submodules inserted per arm is determined. To
improve current control, this number should be modified in
each switching period by an unknown value. A switching
period comprises two different switching states per phase.
Each switching state is active during a predetermined time
interval, thus obtaining the desired output voltage value.

An optimization procedure outlined in Algorithm 1 is
developed and executed for each switching period. The
optimization goal is to determine the optimal voltage ref-
erence values for each phase. The optimization criterion is
to minimize the mean deviation between the AC current
response and the reference over the switching period. The
voltage reference V j,re f obtained from the MPC algorithm
is modified by adding a voltage increment ∆V j for each
phase j ∈ {a, b, c}. These increments are optimized for each
switching period to minimize the cost function J calculated
as:

J = max
j

 
1
N

ˇ̌̌̌
ˇ NX

n=1

I j(n) − I j,re f (n)

ˇ̌̌̌
ˇ
!
, (10)

where N is the number of samples per switching period,
and I j(n) and I j,re f (n) are nth samples of the measured and
reference currents of phase j, respectively. It should be
noted that n ∈ N is the sample number within the observed
switching period. Each sample of the current response
I j is calculated based on the model with predetermined
parameters and the modified reference voltage:

I j(n + 1) = I j(n)
�

1 − Ts
τac

�
+ V∗j (n) Ts

τac
, (11)

where Ts is the sampling period and V∗j (n) is the n-th sample
of the new applied voltage. The linearized form of (11)
is justified by the fact that Ts � τac. To improve current
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Algorithm 1 p -Best Adaptive Differential Evolution for
MMC Current Control Optimization

Input: Simulation data for each phase j ∈ {a, b, c}:
reference currents I j,re f , measured currents I j, reference
voltages V j,re f , model parameters.
Output: Optimized reference voltage increments for each
phase ∆V j.
Step 1: Initialize the population of candidate solutions
with random voltage reference increments for each phase
∆V j.
Step 2: Define the cost function J as the maximal mean
deviation between the measured and reference currents
according to (10).
Step 3: For each iteration i of the optimization perform:
for each candidate solution ∆V (i)

j do
Generate trial solution using p-best differential evolu-
tion with adaptive mutation and crossover.
Evaluate the cost function J for the current solution by
simulating the current waveform based on the model.
if cost function J of trial solution is lower than the
current solution then

Accept the trial solution as the new solution.
end if

end for
Step 5: Output optimized reference voltage increments
∆V j.

tracking accuracy, i.e., minimize the cost function J, the
reference voltage of each phase is modified as follows:

V∗j,re f = V j,re f + ∆V j, (12)

where V j,re f is the original reference voltage obtained from
the deadbeat algorithm and ∆V j is the introduced reference
voltage increment. Adding this increment results in modified
applied voltage waveform V∗j of each phase as seen in (11).

The unknown quantities in (11) and (12) are defined in
Algorithm 1. It should be noted that the currents I j,re f and
I j in (10) and (11) correspond to i∆j,re f and i∆j in (9). The
output of the optimization procedure is a matrix of reference
voltage increments ∆V j for all phases and switching periods.
Based on the optimized data, the NN training and implemen-
tation process is performed as described in the following
subsection. The initial sample of the current response I j(1)
is not affected by the voltage modification and therefore
corresponds to the value obtained from the simulation data.

B. NN DESIGN AND IMPLEMENTATION
The applied NN is a feedforward artificial neural network
based on the library presented in [4] and consists of three
layers. The NN structure is depicted in Fig. 6 and consists
of the following layers:
• Input Layer (6 neurons): The input variables are

reference currents Ia,re f and Ib,re f ; measured currents
Ia and Ib; reference voltages (obtained from the MPC
algorithm) Va,re f and Vb,re f .

FIGURE 6. Neural network structure.

• Hidden Layer (3 neurons): Processing input features
through learned weights and activation functions to
capture complex relationships.

• Output Layer (3 neurons): The output variables are
reference voltage increments ∆Va, ∆Vb, and ∆Vc.

The values of NN weights and biases denoted in Fig. 6
can be obtained from [28]. Moreover, using the software
available in [28], parameter values can be recalculated for
different NN structures and system parameters.

Linear activation functions are used in all layers. The NN
is trained to improve the current control of the MMC by
computing reference voltage increments in each switching
period. The increments are calculated based on the current
reference and measured values and the reference voltage
values obtained from the MPC algorithm outlined in Sec-
tion II. The data is normalized by subtracting the mean of
the dataset and dividing by its standard deviation for each
value. The voltage increments, serving as target outputs,
are derived from the control optimization described in the
previous subsection.

IV. RESULTS
The performance of the proposed algorithm is evaluated in
several scenarios for the MMC-based power system. Steady-
state performance is evaluated first, after which the response
to a varying current reference is observed. The results are
obtained from high-fidelity real-time simulations performed
using a state-of-the-art RTDS simulator [28]. The complete
control algorithm is implemented on two processor cores
operating at 3.5 GHz. The deadbeat algorithm and the NN
are executed on a single core, running on a substep of
50 µs. The NN itself requires a total of 141 floating-point
operations and 57 double-precision parameters. The values
of the system parameters are shown in Table 2. Note that the
sampling period of Ts = 10 µs results in N = 100 samples
per switching period.
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TABLE 2. System parameters.

FIGURE 7. Optimization data set; the enlarged details show the
optimized voltage increments and the corresponding current
response.

The optimization procedure described in III-A was carried
out for a total of 13,858 switching periods. The current refer-
ence magnitude was varied between 0 and 3 kA, achieving
a wide range of operating modes and resulting in a large
and diverse database for the NN design. The cost function
J is reduced by 92% on average by introducing optimized
reference voltage variations. The current tracking error is
reduced by 90% or better in 86% of the analyzed PWM
periods, whereas the control performance is deteriorated
only in 10 cases. This deterioration can be attributed to
the stochastic nature of the optimization procedure. Since
the differential evolution algorithm is executed with a finite
number of iterations, convergence to the global optimum is
not guaranteed in every switching period, which results in
suboptimal voltage increments in rare cases. The database

FIGURE 8. Comparison of steady-state performance of the MPC
and NN-MPC algorithms for two different values of reference
current magnitudes.

used in the NN design process includes all PWM periods
with J reduced by 80% or more, for a total of 13,650
viable data points. The phase a voltage and current data sets
are shown in Fig. 7. The blue waveforms labeled “MPC”
correspond to the optimization input data. The orange
waveforms labeled “Optimized” correspond to the optimized
voltage and current waveforms. The voltage increment and
the resulting improved current response are denoted in the
enlarged details of the respective diagrams.

The optimized data is used to train the NN. The data is
first divided into training (90%) and testing (10%) sets. The
training set is further divided into training and validation
data with an 80:20 ratio. The validation split is used for
monitoring NN performance during training. The network
achieves a loss of 2.58 · 10−4, which is a very good value
considering that normalized data is used. The implementa-
tion of NN on RTDS requires normalization of the input data
and denormalization of the output data (voltage increments).
The voltage references are modified in each switching period
by adding the increments obtained as the NN outputs
to the values obtained from the MPC. Modified voltage
references are included in the PWM modulation described
briefly in Section II, with more details available in [2].
It should be noted that NN execution has low computa-
tional impact, as the MPC algorithm is significantly more
complex.
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FIGURE 9. Comparison of transient performance of MPC and
NN-MPC.

Fig. 8 shows the simulation results obtained in two
steady-state operating modes with different reference current
magnitudes. The enlarged details in the figure reveal that
the proposed NN-assisted MPC algorithm outperforms the
existing algorithm in both cases. The current waveform
obtained without employing the NN exhibits a notable
shift with respect to the reference signal, mostly due to
the resistive component of the AC side impedance. The
time-varying reference tracking capability of the proposed
algorithm is demonstrated in Fig. 9. As seen in the enlarged
details, the NN-MPC algorithm ensures a more accurate
response compared to the MPC, with no noticeable delay.

Although the results displayed in Figs. 8 and 9 visually
confirm the benefits of the proposed control approach,
numerical performance indicators are required to further
validate the performance improvement achieved by imple-
menting the NN-MPC algorithm. Three commonly used
indicators are selected for this purpose: the cross-correlation
coefficient, the sum of squared errors, and the estimated
delay. The values of these indicators are calculated for ten
steady-state operating modes and the transient correspond-
ing to Fig. 9. Each steady-state condition is characterized
by a different reference current magnitude, ranging between
0.1 kA (mode 1) to 2.8 kA (mode 10) with a 0.3 kA step.

The results of Table 3 demonstrate the advantages of NN-
MPC. The cross-correlation coefficient (CCR) is calculated
using the Matlab function xcorr. CCR quantifies the
similarity between two waveforms (reference and measured
current), with values close to unity indicating a good match.
Both algorithms exhibit good performance; however, NN-
MPC is superior in all observed cases. Similar CCR values
in all cases demonstrate consistent performance of both
algorithms.

Although the CCR value is higher when NN-MPC is used,
this is not sufficient for a conclusive evaluation. Therefore,

TABLE 3. Performance indicators of the MPC and NN-MPC
algorithms.

additional indicators, time shift and the sum of squared
errors, are calculated to further demonstrate the benefits of
the proposed approach. The time shift is estimated using
the Matlab function finddelay, which determines the
number of samples by which one signal should be shifted
with respect to the other to achieve the maximum value
of the CCR. The number of samples is multiplied by the
sampling period Ts to obtain the corresponding time value.
According to Table 3, employing the NN-MPC algorithm
significantly reduces the time shift. This confirms and gen-
eralizes observations from Figs. 8 and 9.

Finally, the sum of squared errors (SSE) is determined as
another measure of similarity, or rather difference, between
two waveforms. The SSE is calculated using the Matlab
function sse and normalized for the reference current
magnitude in each operating mode. Lower values indicate
better performance, therefore, the NN-MPC once again
proves to be a significant improvement compared to the
MPC algorithm in all analyzed cases.

It should be noted that the time shift and high SSE
are not the consequence of algorithm latency, but can be
attributed mainly to the deadbeat algorithm itself. Firstly,
the AC current prediction is performed using the approx-
imate expression (7), resulting in a mismatch between the
obtained and reference current at the end of each switching
period. Secondly, and arguably more importantly, the very
principle of deadbeat control causes a significant deviation
between the obtained and reference current waveforms when
the resistive component of AC impedance is significant.
This deviation is manifested as the exists even if deadbeat
operates with no error, which raises the need for employing
the NN.

V. CONCLUSION
This paper demonstrates and improved MPC deadbeat cur-
rent control algorithm capable of handling arbitrary loads.
The MPC deadbeat algorithm demonstrates strong perfor-
mance in minimizing the THD of the AC current when the
AC terminal impedance of the MMC is highly inductive.
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However, when the resistance becomes comparable to the
reactance, reference tracking becomes more challenging.
This paper has shown that incorporating a neural network
can improve the accuracy of AC reference current tracking
in such cases by minimizing the mean deviation between
the reference and the actual response. Furthermore, the
simultaneous operation of the MPC deadbeat algorithm and
the NN allows for a lower-complexity NN architecture while
maintaining effective control performance, with the MPC
deadbeat algorithm remaining the primary control method.
Other potential benefits of introducing neural networks into
the control algorithm, such as reduced model dependency
and adaptive control capability under parametric uncer-
tainty are yet to be explored. Future work will address
the integration of the NN-MPC-controlled MMC within a
larger network and assess its performance under large-signal
disturbances.
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