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Abstract—The rapid growth of renewable energy technology
enables the concept of microgrid (MG) to be widely accepted in
the power systems. Due to the advantages of the DC distribution
system such as easy integration of energy storage and less system
loss, DC MG attracts significant attention nowadays. The linear
controller such as PI or PID is matured and extensively used
by the power electronics industry, but their performance is not
optimal as system parameters are changed. In this study, an
artificial neural network (ANN) based voltage control strategy is
proposed for the DC–DC boost converter. In this paper, the model
predictive control (MPC) is used as an expert, which provides
the data to train the proposed ANN. As ANN is tuned finely, then
it is utilized directly to control the step-up DC converter. The
main advantage of the ANN is that the neural network system
identification decreases the inaccuracy of the system model even
with inaccurate parameters and has less computational burden
compared to MPC due to its parallel structure. To validate the
performance of the proposed ANN, extensive MATLAB/Simulink
simulations are carried out. The simulation results show that
the ANN-based control strategy has better performance under
different loading conditions comparison to the PI controller. The
accuracy of the trained ANN model is about 97%, which makes
it suitable to be used for DC microgrid applications.

Index Terms—ANN, DC Microgrid, DC/DC boost converter,
MPC, Primary control.

I. INTRODUCTION

Renewable energy got attention due to the depletion of fossil
fuels and global warming. Due to this, the use of DC/DC
converters is rapidly increasing in a vast amount of appli-
cations such as wind turbines, photovoltaic systems, electric
vehicles, energy storage systems, and in such applications,
where different voltage levels loads are connected [1]–[3].
The block diagram of DC MG is expressed in Fig. 1. DC
MG mainly includes renewable energy sources (RES) such
as solar and wind, energy storage system (ESS), and DC load.
Every RES and ESS is connected with the bus through a power
electronic interface (PEI). It is therefore necessary to have
effective control for the PEIs. The research community ex-
tensively proposes different types of linear controllers such as
proportional–integral (PI) and proportional–integral–derivative
(PID) and is vastly used by the PE industry [4]–[6]. However,
the linear controller has its practical limitations such as tuning
of gains, poor disturbance rejection capability, shifting of the
operating point of the converter towards instability due to
change of the system parameters, and lacking the capacity to
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handle the non-linearities of the power system. Many nonlinear
control techniques such as model predictive control (MPC),
sliding mode control (SMC), fuzzy-logic control (FLC) have
been proposed to cope with the issues mentioned above and
also try to improve the transient behavior. In [7], FLC for
DC converter is presented for PV-based lighting systems. FLC
implementation for DC power converter using microcontroller
has been studied in [8]. FLC basically works on the if-else
statement, and its response depends upon predefined rules us-
ing if-else logic. FLC does not need any mathematical system
model and also has the ability to handle the non-linearity of the
system. Voltage regulation of FLC for DC/DC converter is also
good under different conditions. However, many studies prove
it as an unreliable controller because it lacks formal analysis.
So, the amalgam of varying control techniques is found in the
literature to balance the disadvantages of FLC [9].

DC/DC
Converter

Solar Energy System
DC/DC

Converter

Wind Energy System

DC
Bus

Bidirectional
DC/DC Converter

Super
Capacitor
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Fig. 1. Possible structure of single bus DC MG, including renewable energy
sources such as solar and wind, energy storage systems, and DC load.

Slide mode control and model predictive control are devel-
oped and vastly studied in literature and have become promis-
ing solutions for power electronic converter applications. Slide
mode control is based on variable structure control theory. Its
basic principle is divided into two stages. The system state
trajectory is forcefully taken into the user-defined sliding layer.
This phase is known as the reaching phase, then in the second
phase, which is known as the sliding phase, state trajectories
remain within the layer, defined by the user on the base of ap-
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Fig. 2. Overview of the proposed control strategy. During the training phase, the classical MPC is used to control the DC/DC converter and collect the
training data. In the test phase, the trained ANN is implemented to control the voltage of the converter instead of MPC [10].

plication. It has better performance, robust against parametric
variations, and possesses magnificent transient response under
different loading conditions. Still, chattering phenomena, high
switching losses, and complex mathematical modeling are the
main barriers to its implementation [11], [12].

MPC is a digital control method, and its basic principle is
different from linear control. It uses the discrete-time model
of the converter along with its filter to anticipate the behavior
for all possible input combinations. One of the inputs having
the least (i.e., optimal) value of the predefined cost function
(CF) is selected and applied to the coming sampling instant
despite drafting a separate loop for each controlled variable
and cascading them together as in the case of linear controllers
[13]. CF is basically a square of the Euclidean distance
between controlled and reference signals. However, it has a
high computational burden, and its performance depends upon
the mathematical model of the system and also has variable
switching frequency; however, many new studies proposed a
constant switching frequency based MPC for different power
electronic applications [12], [14], [15].

Data-driven or model-free control techniques and especially
ANN-based methods are growing in the domain of power
converters [16]. An ANN-based control scheme has been
proposed in [10] to directly control a three-phase inverter with
an output LC filter, where a lower THD and a better steady
and dynamic performance are achieved. Similarly, authors in
[17] proposed an ANN-based control strategy for a three-phase
flying capacitor multi-level inverter (FCMLI). In [18], a neural
network predictive-based voltage control is proposed for the
DC/DC buck converter. The author used PID controller data
to train NN. After training, neural network predictive control
(NNPC) is used to regulate the voltage. NNPC controller for
grid-connected synchronverter is proposed in [19].

Broadly speaking, the ANN-based controllers are better as

compared to other controllers due to the following reasons
[10], [20]:

• They do not require an explicit mathematical model of
the system.

• Their performance is better if they are finely tuned with
sufficient data and properly chosen input features [17].

• They can be designed without having expert knowledge.

This paper proposes an artificial neural network-based volt-
age control for a DC/DC step-up (i.e., Boost) converter for DC
microgrid applications. Initially, MPC-based voltage control
is implemented for the Boost converter to extract the input
features data. After the extraction of required data, a different
possible combinations of inputs features are chosen. Finally,
the voltage reference, inductor current, and capacitor voltage
are selected as input features, while the converter switching
state is taken as output feature for the proposed ANN in this
study, as illustrated in Fig. 4. Then, these combinations are
used to train the ANN. Once the ANN is trained and has good
model accuracy, the ANN model is directly used to generate
the optimal switching state for the DC converter. Figure 2
illustrates the overview of the proposed control strategy: the
training phase combines using MPC to anticipate the converter
output voltage converter and collection of state variables data
under full-state observation. The collected data is used to
train the ANN. In the test phase, the trained neural network
is employed online to control the converter’s output voltage
instead of MPC. The simulation results of the proposed control
strategy are also compared with the traditional PI Controller.

The rest of the paper is organized as follows. The math-
ematical modeling of the DC/DC boost converter and the
basic principle of MPC are explained in Section II. While the
proposed ANN and its training procedure are elaborated in
Section III. Section IV shows the simulation results for both
ANN and PI controllers. Then, future work is discussed in
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Section V. Finally, Section VI presents the conclusion.

L il R D

S CfVc−
+ Vin VdcLoad

Fig. 3. Circuit diagram of the DC/DC converter.

II. MATHEMATICAL MODELLING OF MPC
Figure 3 illustrates the circuit diagram of the simple step-

up boost converter, where S is a controllable switch, R is the
damping resistance, the current through the inductor L is il,
and the voltage across the capacitor Cf is Vc. Vin represents
the input voltage of the DC source. The second order low
pass filter is used to attenuate the ripples and distortion. In
order to implement the MPC, it is necessary to develop the
discrete time model of the DC converter. The output voltage
of the step-up DC converter, namely, Vc, is controlled by
varying the duty cycle of pulse width modulation (PWM)
signal. But in the case of MPC, the pulse for the switch is
directly generated by the MPC. One of the major drawbacks of
MPC is its variable switching frequency. Equation (1) explains
the inductive nature, while (2) presents the capacitive behavior
of the system:

dil(t)

d(t)
= −R

L
il(t)−

Vc(t)

L
+

Vc(t)

L
u(t) +

Vin

L
, (1)

dVc(t)

d(t)
=

1

Cf
iL(t)− 1

Cf
iL(t)u(t)− 1

RCf
Vc(t). (2)

The switch states, S, are defined by function u(t), as shown
in (3). If S = 1, then switch S is in ON state and if switch
S = 0, then switch S is in OFF state.

u(t) =

{
1, if S = 1

0, if S = 0
(3)

The discrete-time model of the DC converter is expressed in
(4) and (5). These equations are used to anticipate the future
response of voltage and current.

il(k + 1) =

(
TR

L
− 1

)
il(k) + (u(k)− 1)

T

L
Vc(k) (4)

Vc(k + 1) =
T

Cf
il(k) +

(
1− T

CfR

)
Vc(k)− T

Cf
il(k)u(k)

(5)
Where k+1 represents the future or next (coming) instant and
T is the sampling time.

The formulation of cost function (CF) is an essential part of
the development of MPC, and it is the positive value of error
between the reference and actual value of the state parameter.
The CF, J , chosen in this study is illustrated in (6), where V ∗

c

is the reference output voltage.

J(k) =
(
V ∗
c (k + 1)2 − Vc(k + 1)

)2
(6)

The execution of the MPC algorithm can be summarized as
follows:

• At the start of the switching instant, the voltage and
current of the converter are measured using sensors.

• Equations (4) and (5) are used to predict the current and
voltage at instant k + 1 for all possible switching states,
and then the CF is evaluated using (6) for all possible
states. In this study, N is taken as one. So, there is only
two possible switching states.

• The switching state that minimizes the CF is applied to
the converter at the next time instant k + 1.

III. PROPOSED ANN-BASED CONTROL STRATEGY

Basically, ANN is a network that has one or more hidden
layers and each layer has one or multiple neurons which makes
the ANN response similar to the real neural network. In this
study, the feed-forward ANN is used, which is called FF-ANN.
In FF-ANN, the data moves in forward direction only. The
output of single neuron is mathematical expressed as:

y = Act

(
b +

M∑
i=1

xiwi

)
, (7)

where Act(.), wi, b, and M are the activation function,
weights of each input xi, bias or correction factor, and
number of input elements (or neurons) where the input features
x = {x1, x2, . . . , xM}, respectively. The most commonly used
types of activation functions are given in Table I. By joining
the multiple neurons into a single layer, an FF-ANN layer can
be developed. The general equation used to compute the output
of the multi-input single-output FF-ANN can be expressed as:

y1 = Act

 J∑
j=1

2wj1hj + 2b1

 , and

hj = Act

(
M∑

m=1

1wmjxm + 1bj

)
, ∀j = {1, . . . , J},

(8)

where y1 is the output of the ANN, (1wmj ,
2wj1) represent

the weights of the hidden and output layers, J represents the
number of hidden layers, M represents the number of input
neurons, and (1bj ,

2b1) refer to the biases of the hidden and
output layers, respectively.

Table I
ACTIVATION FUNCTION TYPES.

Act(.) ≡ f(x) Definition

Sigmoid f(x) = 1
1+e−x

Hyperbolic Tangent (tanh) f(x) = ex−e−x

ex+e−x

Rectified Linear f(x) =

0 x ≤ 0

x x > 0

Binary Step f(x) =

 0 x < 0

1 x > 0
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Fig. 4. Block diagram of the proposed ANN-based control scheme for the
DC/DC converter. It is trained to map directly from the measured variables,
namely, V ∗

c , Vc, and il, to the optimum switching state Sopt.

Figure 4 demonstrates the proposed ANN-based control
strategy used in this study. The accuracy of MPC depends
on the mathematical modeling of the system. However, the
proposed control scheme does not need the model of the
system, but it requires the training dataset. It maps directly
from the raw input features to the desired outputs. Therefore,
the performance of the ANN does not depend upon the system
model or its parameter. In this work, the reference voltage
V ∗
c , capacitor voltage Vc and inductor current il are chosen as

the input features of the trained ANN-based control strategy,
while the optimal switching state Sopt is considered as its
target or output. Initially, the MPC algorithm is simulated to
extract the training data, which consists of the input features
and the corresponding output, i.e., input-output pairs. Then,
the extracted data is used to train the ANN. In our case, the
total number of training data samples is 30001. The control-
loop of the proposed ANN-based control strategy, at instant k
is summarized as follows:

1) Initially, measure il and Vc at instant k.
2) Those measured variables, along with the reference

value V ∗
c , are utilized by our proposed controller to

directly predict the optimal switching state Sopt.
3) Then, the optimal switching state is directly applied to

the converter without using any modulator.

A grid search tuning method is used for the selection of
configuration with 15 neurons. Bayesian regularized technique
(BRT) is used to train the ANN and adjust the biases and
weights. BRT is more robust than standard propagation meth-
ods and can reduce or eliminate the need for lengthy cross-
validation [21]. In this research work, 60% of the random
input data is used to train the ANN, while 20% is used
for testing and 20% validation. Figure 5 presents the overall
confusion matrix, which is used to analyze the accuracy of
the trained ANN. The correct classification of the data class
is presented in the diagonal entries of the matrix, while other
entries show the incorrect classification of the data. The trained
ANN that has been used, in this study, has an accuracy of
97%. The trained ANN model is exported to Simulink to test
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its performance under the original scenario. To sum up, the
complete procedure of the learning-based control strategy is
illustrated in Fig. 6, highlighting the main steps of the training
and test phases.

IV. SIMULATION RESULTS

The trained ANN model is exported into the Simulink
model of the DC/DC converter to validate and verify the
performance of the proposed control strategy. Extensive MAT-
LAB/Simulink simulation is carried out. The performance
of the boost converter with the proposed control scheme is
investigated under normal load and step change of load. The
simulation parameters of the converter are given in Table II.

Table II
SIMULATION PARAMETERS.

Parameter Value
DC Input Vin 70 [V]
Inductor value L 10× 10−3 [H]
Resistance Value R 80× 10−3 [Ω]
Capacitor Cf 100 [mF]
Load P 0−1500 [W]
PI Parameter Kp,Ki 0.054, 8.86
Switching Frequency 20 [kHz]

Figure 7 illustrates the performance of our proposed control
strategy, considering normal load conditions. The simulation
starts at t = 0 s, where a resistive load of 20 Ω is connected
with the system. The reference voltage is set to 95 V. Initially,
the system takes around 20 ms to reach the reference value.
After a transient period, the output voltage and current wave
forms remain stable and do not show distortion. Figure 8

Fig. 7. Simulation results of the output voltage and current of the DC boost
converter under normal load conditions.

shows the performance of the proposed controller from full
load to no-load condition and vice versa. At t = 0.4 s, the
load is disconnected from the system; i.e., the converter is
under no-load condition. It is observed that the voltage remains
stable, and the current becomes zero. While at t = 0.5 s, the
load is again connected to the system. The voltage remains

stable, while the current is increased to 4.9 A. However, there
is no transient observed in the simulation. After the interval
of 0.6 s, further loads are added into the system to investigate
the response of the proposed controller. It is observed from
Fig. 8 that with increasing the load, the voltage remains stable
while keeping track of the reference value with un-noticeable
distortion, demonstrating the superior performance of the
proposed ANN-based control scheme under different loading
and transient conditions. Figure 9 presents the simulation

Fig. 8. Simulation results of the output voltage and current of the DC boost
converter under full load to no-load test.

Fig. 9. Simulation results of the output voltage and current of the DC boost
converter using PI and ANN-based controllers under step change of load.

results of our proposed controller under step change of load. At
t = 0.5 s, the DC load becomes double. We can observe that
the voltage remains stable without any distortion, whereas the
current increases with the increase of load. However, the cur-
rent waveform becomes stable with almost no transient time.
Figure 9 also presents a comparison with the PI controller. Un-
der the transient period, the PI controller shows an overshoot



6

in the voltage and current which may harm the switch of the
DC/DC converter; accordingly, a high rating semi-conductor
switch is required which increases the converter cost. The
ANN-based control scheme has better wave quality and less
distortion compared to the PI controller. Moreover, the output
current of the PI-based controlled converter is distorted, while
the current wave in the case of ANN is constant, stable, and
has less loss compared to the PI controller.

V. DISCUSSION AND FUTURE WORK

In this study, our proposed control strategy is trained on a
single reference value (i.e., V ∗

c = 95 V) and also tested on the
same reference value under different loading conditions. In the
future work, the proposed ANN model will be trained and its
performance will be examined on different reference values.
Moreover, it will be trained on various parameters such as filter
values, switching frequency, etc, proposing a more generic
control strategy. We have also observed that the performance
of our proposed controller is similar to the MPC used to extract
the training data. For this reason, the comparison is carried out
with the PI controller. However, the ANN-based controller has
an advantage over MPC as it has less computation burden and
constant switching frequency.

VI. CONCLUSION

Within this work, we proposed a feed-forward artificial
neural network-based voltage control strategy for the DC/DC
step-up converter. Model predictive control is implemented to
extract the training data, where the data is used, later on, to
train the ANN offline. After training the ANN properly, MPC
is removed and the trained ANN successfully regulates the
voltage of the DC/DC converter as per reference voltage. The
bayesian regularized technique is used to train the ANN and
adjust the biases and weights of the ANN. Different types
of tests were also performed during simulation, such as step
change of load, the shift of load from full load to no load,
and vice versa, in order to demonstrate the performance of the
proposed controller. It has been observed through simulation
results that the overall performance of the proposed control
scheme is better than the classical linear controllers. The
implementation of the proposed technique would be useful
in DC microgrid applications, where the DC boost converters
require high accuracy for tuning controller parameters.
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