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ABSTRACT
The expeditious advancement in renewable energy technologies enables the concept of microgrids to boost the incorporation
of renewable energy into power systems. In this context, distributed generation (DG)-based DC microgrids (MGs) are favoured
because of their higher efficiency, greater reliability, and simpler development and control compared to their AC counterparts.
This paper presents an artificial neural network (ANN) voltage control for a DC-DC step-up converter to reduce the number of
sensors in the DCmicrogrids. The proposed approach offered cost-effective and better voltage regulation inmulti-bus DCMG. The
proposedmethodology employs quasi-stationary line (QSL)modeling to account for DCMGuncertainties and disturbances, while
simultaneously developing and implementing a model predictive voltage control (MPVC) strategy to generate the comprehensive
dataset. The converter’s voltage error and switching signals, extracted from the generated dataset, serve as input features for offline
training of an artificial neural network (ANN). Once trained, the ANN is deployed online to regulate distributed generators (DGs)
within a multi-bus DC MG. Real-time hardware-in-the-loop simulations using OPAL-RT 4510 demonstrate that the proposed
controller effectively regulates voltage with reduced sensors, ensuring improved reliability and efficiency.

1 Introduction

With the development and advancement of renewable energy
technology, modern power systems have become more complex
and have undergone extensive changes over the past two decades.
Microgrids (MGs) offer a promising solution for the effective
integration of renewable energy resources. As crucial smart
grid components, these systems will provide carbon-free and
sustainable energy to consumers while operating in grid-tied and
islanded modes. However, electrical systems are predominantly
based on alternating current (AC). Advancements in power
electronics technology have made direct current (DC) systems
more efficient at all levels, namely generation, distribution,
and transmission, and capable of operating in a wide range of
voltages.[1]. The advantages of DC MG over AC MG can be
summarized as:

∙ Most renewable energy resources, such as fuel cells, pho-
tovoltaic (PV) systems, and battery energy storage systems
(BESS), generate DC power. Although wind turbines produce
AC power, they can be effectively integrated into DC MGs
because of the availability of advanced power converters.

∙ Most energy storage systems (ESS) are inherently DC-based.
This characteristic facilitates easier integration of ESS into
DCMGs, resulting in reduced costs, higher efficiency, simpler
control, and improved reliability.

∙ The overall control of DC MGs is simpler due to the absence
of factors such as frequency regulation, reactive power
management, voltage imbalance, and harmonics.

Due to the advantages above, the DC MG is a well-accepted
solution for the utility grid and the transportation sector, such as
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FIGURE 1 The typical configuration of an autonomous DC micro-
grid has DG units, ESS, loads, and their control.

electric ships and aircraft. Figure 1 illustrates the typical DC MG
configuration that containsmultiple sources such as photovoltaic
panels (PV), wind turbine (WT), and energy storage systems
(ESS), which are connected to a commonDCbus through a power
electronic interface (PEI). The distribution network topology
of DC microgrids (MGs) can vary, from radial to ring-type
distribution systems.

The primary responsibilities of the control system in a DC
microgrid (DC MG) are to address the following issues [2]:

∙ Regulation of DC-bus voltage.

∙ Accurate power sharing among the distributed generators
(DGs)

∙ Management of power quality issues.

∙ Coordination among the distributed energy resources and
energy storage systems (ESS).

∙ Unit commitment and economic dispatch of the DC MG.

∙ Minimization of transmission losses.

∙ Utilization of DERs to their full potential.

To address the aforementioned issues, the hierarchical control
strategy has garnered significant attention due to itsmulti-layered
architecture. This strategy comprises three layers: primary, sec-
ondary, and tertiary control, as illustrated in Figure 2. The
primary layer includes an inner control loop to regulate the
voltage and current of the converter, while droop control is
employed to share power among the distributed energy resources
(DER). The secondary control layer is responsible for voltage
compensation and improving power-sharing accuracy. At the
highest level, the tertiary control layer handles economic dis-
patch, system optimization, and energy management within
the DC microgrid. However, this paper focuses exclusively on
primary control; the secondary and tertiary controls are not
studied here.

Numerous strategies for coordinating multiple distributed gen-
erators (DGs) in the autonomous mode of microgrids (MGs)

FIGURE 2 Control architecture description for autonomous DC
microgrid.

have been proposed in existing research [3]. These strategies
include master-slave control [4], load-sharing techniques [5, 6],
centralized control [7], and others. These methods typically
rely on a communication network among the DGs to ensure
efficient and stable operation; however, this requirement adds
complexity and can potentially reduce the system’s reliability.
Consequently, implementing a method like droop control is
essential for accurate power sharing among DGs. In [8], the
authors introduce decentralized droop control as a beneficial
strategy, eliminating the need for an external communication
link between power electronic interface-based DGs. The primary
objectives of droop control inDCMGs are to share power between
DGs and maintain voltage stability at the DC bus. In this context,
the droop control functions as the external loop of the power
converter, while the voltage control strategies are applied within
the inner loop of the DG in the MG.

In the realm of power electronics (PE) control, the research
community has extensively explored various linear controllers,
notably PI and PID, which are widely implemented as evidenced
by numerous studies and are widely used by the PE industry
[9, 10]. Despite their prevalent use, these linear theory-based
controllers exhibit enormous practical limitations, such as PID
parameter tuning, limited ability to reject disturbances, operating
point shifts towards instability due to parameter variations, and
an inability to address the nonlinear characteristics of power
systems adequately.

To address the shortcomings of linear controllers and improve
the transient behaviour, various nonlinear control strategies like
slidingmode control (SMC), fuzzy-logic control (FLC), andmodel
predictive control (MPC) have been developed. For instance, a
fuzzy-logic control approach for DC converters in photovoltaic
lighting systems is studied in [11]. The microcontroller imple-
mented the fuzzy logic for the DC power converter, which was
explored in [12]. FLC primarily operates on if-else logic, and its
response depends on pre-established rules without requiring a
mathematical model of the system, adeptly managing nonlin-
earities. The performance of fuzzy controllers for the DC-DC
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converter is also effective across a range of operating conditions.
However, the reliability of fuzzy controllers is often questioned
due to the lack of formal analysis. Therefore, numerous control
approaches are amalgamated in the literature to address the
limitations of fuzzy logic control [13].

Sliding mode control and model predictive control have been
extensively proposed in the literature and have shown promising
results in power electronic converter applications. Based on the
principles of variable structure control theory, sliding mode con-
trol involves two main phases: the reaching phase, where system
state trajectories are directed to a predefined sliding surface, and
the sliding phase, where they remain within this surface based on
predefined criteria. Despite its resilient performance, robustness
to parametric variations, and excellent transient response under
various loads, its implementation faces significant challenges. It
includes issues such as chattering phenomena, high switching
losses, and the complexity of its mathematical modelling as the
sliding order increases [14, 15]. In [3], the authors presented the
intelligent sliding mode control for parallel converters in DC
microgrid for constant power load applications.

Model predictive control (MPC) is a digital control strategy that
fundamentally differs from traditional linear control methods.
Unlike linear controllers, which typically require separate loops
for each controlled variable and their subsequent cascading,MPC
leverages a discrete-time model of the converter and its filter
to predict outcomes for all potential input combinations. The
input that minimizes a predefined cost function is selected for
the next sampling period. It is typically defined as the square
of the Euclidean distance between the measured and reference
signals [16]. MPC-based control schemes have been proposed
for a wide range of applications, including AC systems [17, 18],
DC systems [19, 20], and hybrid microgrids (MGs) [21, 22]. In
AC/DC and AC MGs, MPC strategies have been developed for
bidirectional DC/DC converters [18] and AC/DC converters [21,
23]. In the context of DC microgrids, MPC has been employed
to enhance stability, optimize power sharing, manage energy
systems, improve transient response, and address pulsed power
loads in naval DC MGs. Additionally, MPC is used to control
DC/DC converters, maximize photovoltaic (PV) power output
throughmaximumpower point tracking, and reduce power losses
in DC MGs. However, MPC’s effectiveness heavily depends on
the system’s mathematical model’s accuracy and has significant
computational burden. Moreover, it has a variable switching
frequency, which can be a limitation in some applications. To
address this, recent research has introduced MPCmethodologies
that maintain a constant switching frequency, tailored for various
power electronic applications [16].

Data-driven or model-free control methods, particularly those
utilizing artificial neural networks (ANN), are becoming increas-
ingly common in the field of power converter control [24].
ANN-based control techniques are proposed for voltage sag
classification, fault detection, short-term prediction, etc. ANN-
based converter control has been proposed in [25, 26]. In [27],
neural network predictive-based voltage control has been intro-
duced for the DC-DC buck converter. PID controller data serve
as training data to train ANN. Once trained, neural network
predictive control (NNPC) regulates the voltage. An NNPC con-
troller designed for a grid-connected synchronverter is presented

in [28]. Furthermore, an improved control strategy has been
proposed that combines a proportional-integral controller with
an ANN to improve performance metrics such as overshoot, rise
time, and settling time [29]. A fuzzy logic-aided ANN power
oscillation damping controller is proposed for hybrid AC/DCMG
[30]. Sliding mode robust droop control scheme enhanced by an
ANNalgorithm for islanded photovoltaic-integratedmicrogrids is
studied in [31]. In [32], the author studied the ANN-based control
for nonlinear DC microgrids. Real-time FPGA-based validation
of ANN for DC-DC converter is illustrated in [33].The superiority
of the ANN controller over other controllers is due to the various
key advantages [34]:

∙ It eliminates the need for amathematicalmodel of the system.

∙ Its performance can be enhanced through controller tuning.

∙ Its design does not necessitate specialized expertise.

This study introduces an innovative reduced-sensor ANN-based
voltage control technique for distributed generations in a DC
microgrid, specifically focusing on a DC-DC step-up (boost)
converter. Our methodology employs an artificial neural net-
work (ANN) that requires fewer sensors compared to model
predictive control, which typically requires at least two sensors.
Table 1 summarizes the overall features of various existing
reduced sensor control techniques. A quasi-stationary line (QSL)
approximation is used to model the uncertainties, disturbances,
and line dynamics of the DC MG, as studied in [40]. Initially,
model predictive control (MPC) is implemented for the DC-
DC converter as a parent control method and also as a tool
to extract a dataset comprising input features such as voltage,
current, power, and switching pulses under different loading
and operating conditions. After extracting the dataset, various
combinations of input features are evaluated to identify the most
effective for control purposes. The error between the output
and reference voltage is ultimately selected as the primary input
feature. At the same time, the converter’s switching action is
chosen as the output feature for the artificial neural network
(ANN) in this study. The selected input-output pair simplifies
the system to a single input and single output (SISO) configu-
ration, reducing the computational complexity [41] and enabling
efficient training of the ANN. The SISO ANN is trained offline
using the Bayesian regularization technique, with performance
validated throughmetrics such as mean squared error (MSE) and
confusionmatrices. Upon achieving high accuracy and reliability
during the training, validation, and testing phases, the ANN
is integrated into the Simulink environment for control of the
Boost converter. Figure 7 illustrates the overview of the proposed
control strategy: the training phase combines using MPC to
anticipate the converter output voltage and collection of state
variables data under full-state observation. The data collected
are 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 the MPC. The simulation results validate
the superiority of the proposed ANN-based control strategy,
demonstrating enhanced voltage regulation performance and
accuracy compared to conventional PI controllers and the model
predictive control (MPC)methodused in this study. Furthermore,
real-time HIL simulations were conducted using the OPAL-
RT 4510 platform to assess the controller’s effectiveness under
various test scenarios, including plug-and-play events, microgrid
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topology reconfiguration, and responses to unknown load vari-
ations. The proposed controller exhibits robust performance in
both simulation and hardware-in-the-loop (HIL) environments.
Reducing the number of sensors improves system reliability
by minimizing potential failure points and improves speed by
eliminating communication delays associated with sensors. This
leads to a more responsive and efficient system. Additionally,
current sensors are generally more susceptible to failure in DC
systems than voltage sensors because of their higher exposure
to thermal and electrical stresses. Therefore, favoring voltage
sensors over current sensors increases the system’s resilience and
ensures more reliable operation in case of sensor failure. The
following are the key features of the proposed approach:

1. Whole system dynamics are incorporated by using
QSI approximation.

2. The ANN is implemented by designing the control objectives
based on MPC.

3. ANN architecture is developed by merging the feedback
from the DC/DC converter with the ANN, creating a unified
system.

4. The training of ANN is carried out offline to prevent any
stability issues.

The rest of the paper is organized as follows: Mathematical
modeling of the DC MG is developed in Section 2, and the basic
principle of model predictive control is explained in Section 3.
Section 4 delves into the artificial neural network and the training
process of the ANN model. Simulation and HIL results are
discussed in Section 5. Finally, the paper summarizes the key
findings and insights in Section 6.

2 Mathematical Model of Islanded DCMicrogrid

Figure 1 illustrates the configuration of theDCmicrogrid.Usually,
a DC microgrid can consist of PV arrays, wind turbines, fuel
cells connected with the bus through a unidirectional DC/DC
converter, an energy storage system with a bidirectional DC/DC
converter, and fixed and variable DC loads. It may also have an
AC load connected via a DC/AC converter. There is the possibility
of connecting the DC MG with the AC utility grid through a
bidirectional interlinkAC/DC converter. TheDCMG controls are
divided into three types based on communication: decentralized
control, centralized control, and distributed control.

The equivalent circuit diagram of the DC-DC boost converter
is shown in Figure 3, where V𝑖𝑛𝑖

represents the input voltage,
which models renewable energy such as PV systems, batteries,

FIGURE 3 Equivalent circuit diagram of step-up converter.

4 of 15 IET Renewable Power Generation, 2025

 17521424, 2025, 1, Downloaded from https://ietresearch.onlinelibrary.wiley.com/doi/10.1049/rpg2.70072 by University Of Vaasa, Wiley Online Library on [29/06/2025]. See the Terms and Conditions (https://onlinelibrary.wiley.com/terms-and-conditions) on Wiley Online Library for rules of use; OA articles are governed by the applicable Creative Commons License



FIGURE 4 Schematic diagram of an autonomous DC microgrid with two DERs.

etc. Due to the uncertainty in the system load ratings, the system
is modelled as a current disturbance i𝑙 . The output of DER𝑗

is denoted as V𝑜𝑢𝑡𝑗
, while DER𝑖 is represented as V𝑜𝑢𝑡𝑖

. Other
parameters follow a similar notation pattern. Additionally, d(t)
represents the duty cycle at the switching instant t in the DC-
DC converter. The dynamic response of DER𝑖 and Line𝑖𝑗 is
determined using Krichoff’s current and voltage laws, and their
equation are expressed as follows:

𝑑𝑉𝑐𝑙𝑖

𝑑𝑡
= 1

𝐶𝑓𝑖

𝑖𝐿1𝑖 −
1

𝐶𝑓𝑖

𝑖𝐿1𝑖 𝑑(𝑡) −
1

𝐶𝑖

𝑖𝑝𝑐𝑖 +
1

𝐶𝑖

𝑖𝑖𝑗 (1)

𝑑𝑖𝐿𝑖
𝑑𝑡

= −
𝑅1𝑖

𝐿1𝑖

𝑖𝐿𝑖 −
𝑉𝑐𝑙𝑖

𝐿1𝑖

+
𝑉𝑐𝑙𝑖(𝑡)

𝐿1𝑖

𝑑(𝑡) +
𝑉𝑖𝑛𝑖

𝐿1𝑖

(2)

𝐿𝑖𝑛𝑒𝑖𝑗 =
𝑑𝐼𝑖𝑗

𝑑𝑡
=

𝑉𝑖𝑛𝑗

𝐿𝑖𝑗

−
𝑉𝑖𝑛𝑖

𝐿𝑖𝑗

−
𝑅𝑖𝑗𝐼𝑖𝑗

𝐿𝑖𝑗

(3)

TheDERunit parameters𝐶𝑓𝑖 ,𝑅1𝑖 and 𝐿1𝑖 are the LC parameters of
the circuit.Moreover, the line parameters are specified as 𝐿𝑖𝑗 = 𝐿𝑗𝑖

and 𝑅𝑖𝑗 = 𝑅𝑗𝑖 , ensuring symmetry between the connecting lines
and currents flowing between the nodes are equal in magnitude
but opposite in directions, maintaining the consistency with the
Kirchoff’s current law.

2.1 Quasi-Stationary-Line (QSL) Model
Approximation

TheQuasi-Stationary Line (QSL)model is an approximation used
to simplify the analysis of the system by assuming that changes
in the system occur over a period long enough for the system
to be considered quasi-static yet short enough to prevent it from
reaching full equilibrium. In the short transmission line, the line’s
inductance is relatively small and has a small time constant,
allowing the line dynamics to be neglected. Consequently, the
rate of change of the inductors’ current over time 𝑑𝐼𝑖𝑗

𝑑𝑡
is negligible

and also expressed as QSL approximations [42]. So, This QSL
model approximation is only valid for short transmission lines.
A comprehensive model based on the quasi-stationary line
(QSL) approximation should be developed for medium and long
transmission lines to accurately capture electrical behavior and
dynamic characteristics over extended distances. Figure 4 illus-
trates the two coupled distributed energy resource (DER) units,
consisting of a DC-DC converter, input source V𝑖𝑛, and the local
load connected through a line, denoted as “ij,” with resistance
R𝑖𝑗 and inductance 𝑟𝑚𝐿𝑖𝑗 , respectively. The proposed control
scheme applies to DC microgrids (MG) with radial, parallel, and
meshed topologies in this configuration. In this study, a DC-DC
boost converter with uncertainties is considered. Based on this

assumption, Equation (4) is derived from Equation (3).

𝐼𝑖𝑗 =
𝑉𝑖𝑛𝑗

− 𝑉𝑖𝑛𝑖

𝑅𝑖𝑗

(4)

Substituting Equation (4) to Equation (1) gives the QSL approxi-
mation of 𝐷𝐸𝑅𝑖 , expressed in Equation (5).

DER𝑖 ∶=

⎧⎪⎪⎨⎪⎪⎩

dVc1𝑖

dt
=

(1 − 𝑑𝑖)

𝐶𝑓𝑖

𝐼𝐿𝑖 +
𝑉c1𝑗

𝑅ij𝐶𝑓𝑖

−
𝑉c1𝑖

𝑅ij𝐶𝑓𝑖

− 1

𝐶𝑓𝑖

𝑖𝐿𝑖

di𝐿𝑖
dt

= 1

𝐿1𝑖

𝑉ini −
(1 − 𝑑𝑖)

𝐿1𝑖

𝑉c1i
−

𝑅1𝑖

𝐿1𝑖

𝑖𝐿𝑖

(5)

𝐷𝐸𝑅[𝑖] =

⎧⎪⎪⎨⎪⎪⎩
̇̃𝑥[𝑖](𝑡) = 𝐴[𝑖𝑖(𝑡)𝑥̃[𝑖](𝑡) + 𝐵𝑖(𝑡)𝑢̃[𝑖](𝑡)

+𝐷𝑖(𝑡)𝑤̃[𝑖(𝑡) + 𝜁[𝑖](𝑡)

𝑦̃𝑖(𝑡) = 𝐶𝑖(𝑡)𝑥̃[𝑖](𝑡)

(6)

The generalized state space representation of QSL is given
in Equation (6). This formulation represents a small-signal
state vector, which includes the perturbed system variables.
The input 𝑢̃(𝑡) = 𝑑𝑖(𝑡), corresponds to the duty cycle of 𝐷𝐸𝑅𝑖 .
The term 𝑤̃[𝑖](𝑡) =

[
𝐿̃𝐿𝑖

, 𝑣in𝑖
]⊤

are small-signal exogenous distur-
bances, accounting for variations in current and input voltage.
Additionally, 𝜁[𝑖](𝑡) = 𝐴𝑖𝑗(𝑡)𝑥̃𝑗 captures the coupling between
𝐷𝐸𝑅𝑖 and 𝐷𝐸𝑅𝑗 , indicating the interaction between different
distributed energy resources. 𝑦̃[𝑖](𝑡) is the output vector, which is
the function of the system state variables. Equation (5) is rewritten
as a state space model and described below.

𝐴𝑖𝑖(𝑡) =

⎡⎢⎢⎢⎢⎣
−1

𝑅𝑖𝑗𝐶𝑓𝑖

(1 − 𝐷̄𝑖)

𝐶𝑓𝑖

−(1 − 𝐷̄𝑖)

𝐿1𝑖

−𝑅1𝑖

𝐿1𝑖

⎤⎥⎥⎥⎥⎦
, 𝐵𝑖(𝑡) =

⎡⎢⎢⎢⎢⎣
−𝑖𝐿𝑖
𝐶𝑓𝑖

𝑉̄c1i

𝐿1𝑖

⎤⎥⎥⎥⎥⎦
𝐷𝑖(𝑡) =

⎡⎢⎢⎢⎣
−1
𝐶𝑓𝑖

0

0
1

𝐿1𝑖

⎤⎥⎥⎥⎦ , 𝐴𝑖𝑗(𝑡) = diag

(
1

𝑅𝑖𝑗𝐶𝑓𝑖

, 0

)
, 𝐶𝑖 = 𝐼2×2

The linearised model’s applicability in Equation (6) hinges on
the premise that fluctuations around the equilibrium point
are minor enough to ensure the inherent non-linear system.
Equation (5) ensures the asymptotic stability of the system.
However, if fluctuations and disturbances extend too high, the
linearized representation of the system might lose its accuracy.
Building on Equation (6), the small-signal state-space model
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for the interconnected distributed energy resources depicted in
Figure 4, is articulated as follows:[

̂̇𝑥[𝑖]

𝑥̂[𝑗]

]
=

[
𝐴𝑖𝑖(𝑡) 𝐴𝑖𝑗(𝑡)

𝐴𝑗𝑖(𝑡) 𝐴𝑗𝑗(𝑡)

][
𝑥̃[𝑖]

𝑥̂[𝑗]

]
+

[
𝐵𝑖(𝑡) 0

0 𝐵𝑗(𝑡)

][
𝑢̃[𝑖]

𝑢̃[𝑗]

]

+

[
𝐷𝑖(𝑡) 0

0 𝐷𝑗(𝑡)

][
𝑤̃[𝑖]

𝑤̃[𝑗]

] (7)

[
𝑦̂[𝑖]

𝑦̂[𝑗]

]
=

[
𝐶𝑖 0

0 𝐶𝑗

][
𝑥̂[𝑖]

𝑥̂[𝑗]

]

The model expressed in Equation (7) describes the interaction
between various DER units through coupling terms and also
considers the system disturbances. The output matrix 𝐶𝑖 = 𝐼2𝑥2
ensures that the system outputs are directly proportional to the
state variables.

Now expand the model for interconnected DER units, Let rep-
resent the set of all interconnected DER units and ,𝑖 ⊂  is a
neighbouring subset of𝐷𝐸𝑅𝑖 , which is coupled via electrical links
𝑖𝑗. The coupling between different DER units is expressed by the
term 𝐷𝐸𝑅𝑖𝑗 𝜉̃[𝑖](𝑡) =

∑
𝑗∈𝑁𝑖

𝐴𝑖𝑗(𝑡)𝑥̃[𝑗](𝑡). Therefore, the matrix 𝐴𝑖𝑖

is reevaluated as:

𝐴ii(𝑡) =

⎡⎢⎢⎢⎢⎣
∑
𝑗∈𝑁𝑖

−1
𝑅𝑖𝑗𝐶𝑓𝑖

(1 − 𝐷̄𝑖)

𝐶𝑓𝑖

−(1 − 𝐷̄𝑖)

𝐿1𝑖

−𝑅1𝑖

𝐿1𝑖

⎤⎥⎥⎥⎥⎦
The small-signal linear time-variant model of the whole sys-
tem, including the disturbances, coupling, and dynamics in the
compact form, is represented as:{

̇̃𝐱(𝑡) = 𝐀(𝑡)𝐱̃(𝑡) + 𝐁(𝑡)𝐮̃(𝑡) +𝐃(𝑡)𝐰̃(𝑡)

𝐲̃(𝑡) = 𝐂(𝑡)𝐱̃(𝑡)

]

Where 𝐱̃, 𝐮̃, 𝐰̃, 𝐲̃ are defined as:

𝐱̃ =

⎡⎢⎢⎢⎢⎢⎢⎣

𝑥̃[1]

𝑥̃[2]

⋮

𝑥̃[𝑁]

⎤⎥⎥⎥⎥⎥⎥⎦
, 𝐮̃ =

⎡⎢⎢⎢⎢⎢⎢⎣

𝑢̃[1]

𝑢̃[2]

⋮

𝑢̃[𝑁]

⎤⎥⎥⎥⎥⎥⎥⎦
,

𝐰̃ =

⎡⎢⎢⎢⎢⎢⎢⎣

𝑤̃[1]

𝑤̃[2]

⋮

𝑤̃[𝑁]

⎤⎥⎥⎥⎥⎥⎥⎦
, 𝐲̃ =

⎡⎢⎢⎢⎢⎢⎢⎣

𝑦̃[1]

𝑦̃[2]

⋮

𝑦̃[𝑁]

⎤⎥⎥⎥⎥⎥⎥⎦
,

𝐁(𝑡) = diag (𝐵𝑖(𝑡)),

𝐃(𝑡) = diag (𝐷𝑖(𝑡)),

𝐂 = diag (𝐶𝑖),

𝐀(𝑡) =

⎡⎢⎢⎢⎢⎢⎢⎣

𝐴11(𝑡) 𝐴12(𝑡) … 𝐴1𝑁(𝑡)

𝐴21(𝑡) 𝐴22(𝑡) … 𝐴2𝑁(𝑡)

⋮ ⋮ ⋱ ⋮

𝐴𝑁1(𝑡) 𝐴𝑁2(𝑡) … 𝐴𝑁𝑁(𝑡)

⎤⎥⎥⎥⎥⎥⎥⎦
The matrices B(t), D(t), C(t), and A(t) are block diagonal, repre-
senting the local dynamics of each DER unit. The system matrix
A(t) includes the DER’s internal dynamics and the coupling
between different DER units.

3 Model Predictive Control for DC-DC Converter

Developing a discrete-timemodel for theDC converter is essential
to implement MPC. The circuit diagram of the step-up boost
converter is presented in Figure 4. The output voltage of this
step-up DC converter is regulated by adjusting the duty cycle
of the pulse width modulation (PWM) signal. A significant
limitation of MPC is its variable switching frequency, which
can present challenges in specific applications. Where 𝑆1 is a
controllable switch, 𝑅1 is the damping resistance, and current
through inductor L is 𝑖𝐿1 and the voltage across the capacitor
𝐶1 is 𝑣𝐶1. 𝑉𝑖𝑛 represents the input voltage of the DC source. A
second-order low-pass filter is utilized to reduce high-frequency
components in the signal. Equation (8) describes the inductive
behaviour, while Equation (9) explains the capacitive nature of
the system:

𝑑𝑖𝐿𝑙(𝑡)

𝑑(𝑡)
= −

𝑅1

𝐿1

𝑖𝐿𝑙(𝑡) −
𝑉𝑐𝑙(𝑡)

𝐿1

+
𝑉𝑐𝐼(𝑡)

𝐿1

𝑢(𝑡) +
𝑉in

𝐿1

(8)

𝑑𝑉𝑐𝑙(𝑡)

𝑑(𝑡)
= 1

𝐶1

𝑖𝐿1 (𝑡) −
1

𝐶1

𝑖𝐿1 (𝑡)𝑢(𝑡) −
1

𝑅1𝐶1

𝑉𝑐𝑙(𝑡) (9)

The function u(t) defines the switch states as presented in
Equation (10). When the switch 𝑆1 is equal to 1 and is in the ON
state, whereas if 𝑆1= 0, it is deemed to be in the OFF state.

𝑢(𝑡) =

{
0 𝑆1 = 0

1 𝑆1 = 1
(10)

The discrete-time model of the DC converter is presented in
Equations (11) and (12). These equations are formulated to predict
the future behavior of voltage and current, and they are derived
from Equations (6) and (7) and Equations (11) and (12).

𝑖𝑙1(𝑘 + 1) =
(
𝑇𝑅1

𝐿1

− 1

)
𝑖𝐿1(𝑘) + (𝑢(𝑘) − 1)

𝑇

𝐿1

𝑉𝑐𝑙(𝑘) (11)

𝑉𝑐1(𝑘 + 1) = 𝑇

𝐶1

𝑖𝐿𝑙(𝑘) +
(
1 − 𝑇

𝐶1𝑅

)
𝑉𝑐1(𝑘) −

𝑇

𝐶1

𝑖𝐿1(𝑘)𝑢(𝑘) (12)

Where the next (coming) instant is demonstrated by the term
(k+1), the T represents the sampling time.

The development of model predictive control critically involves
formulation of the cost function, which is determined by the
positive value of the error between the reference and the predicted
state parameter value. In this study, the single objective CF is
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chosen and expressed in Equation (13).

𝐽(𝑘 + 1) =
(
𝑉∗

𝑐 (𝑘)
2 − 𝑉𝑐1(𝑘 + 1)

)2
(13)

The execution of the MPC algorithm to acquire the dataset is as
follows:

∙ At the beginning of the switching instant, the converter’s
current and voltage are measured using sensors.

∙ Equations (11) and (12) are utilized to predict the state
parameter at the next instant for all possible switching states,
and then the CF is calculated using Equation (13) for each
possible state.

∙ The state in which the CF attains its minimum value is
selected to determine the switch position of the converter in
the upcoming instant.

The data set acquired from theMPVC for the DC/DC converter is
used to train the ANN.

4 Implementation of Artificial Neural Network

Implementing linear control, such as PI, is easy and cost-effective.
However, it cannot capture all the power system dynamics,
especially when integrating renewable energy and complex loads
such as CPL and impedance loads. These additions bring more
uncertainties and non-linearities in modern power systems.
Consequently, there is a need formore intelligent control schemes
that provide robust performance across a wide range of operating
conditions and are capable of managing and addressing the
issues mentioned above. In this context, artificial intelligence
and machine learning offer promising solutions. These advanced
techniques can adapt to complex system behaviours and under-
stand dynamics from data patterns. By leveraging AI, modern
control approaches can achieve resilience, efficiency and greater
flexibility as required by the modern power system. An artificial
neural network (ANN) is a computational model inspired by the
structure and function of human neural networks. It is a key
technique within the broader field of machine learning and is
designed to model complex relationships between inputs and
outputs (targets). ANNmodels use learning algorithms to identify
patterns in historical data, enabling them to make intelligent
decisions and predictions. Figure 5 depicts the basic structure
of multi-input and single output ANN. where M represents
the input features (∀𝑚 = {1, … .,𝑀}) and y is single output. It
consists of several interconnected layers of artificial neurons, also
referred to as nodes. The typical structure of ANN is divided
into three layers, that is, input layer, hidden layer, and output
layer. The input layer corresponds to features or raw data sets. In
the input layer, the neuron represents each feature. Each input
𝑥𝑚 is multiplied by the weighting factor 𝑤𝑚(∀𝑗 = {1, … ., 𝑗}) and
added to the hidden layer. Hidden layers are responsible for
processing and transforming information from the input layer by
defining weights and activation functions to learn the complex
patterns between inputs and outputs. The number of hidden
layers depends upon the complexity of the problems. The output
layer gives output or predictions based on previous knowledge.
The ANN-based PV monitoring system is proposed in [43]. An
ANN-based algorithm has been developed to detect cyber attacks

in [44]. In [25], authors proposed MPC-aided ANN-based voltage
control for 2-level VSC to attain better performance and lower
THD. Furthermore, ANN-based MPC for a three-level flying
capacitor converter is studied in [41] to prove the reduction of
MPC computation burden using ANN. The ANN is considered
a power tool for forecast and estimation in different power
applications. This study aims to illustrate the implementation of
ANN-based voltage control for DERunit in a DCmicrogridwith a
reduced number of sensors and its effectiveness over a wide range
of operations. In order to implement the ANN, The MPC-based
voltage control is implemented for a step-up DC-DC converter to
collect the error data between measured and reference voltage
and output switching states having other characteristics such
as load shift, change in input voltages, etc. By choosing these
parameters, the single input and single output feed-forward ANN
is developed

In this study, the single input and single output feed-forward
ANN is implemented to reduce the computational burden
and complexity and achieve better results while preserving all
characteristics of the parent technique.

The output of a single neuron is mathematically expressed as:

𝑦 = Act

(
𝑏 +

𝑀∑
𝑖=1

𝑥𝑖𝑤𝑖

)
, (14)

where 𝐴𝑐𝑡(.), 𝑤𝑖 , 𝑏, and 𝑀 are the activation function, weights
of each input 𝑥𝑖 , bias or correction factor, and the number
of input elements (or neurons) where the input features 𝑥 =
{𝑥1, 𝑥2, … , 𝑥𝑀}, respectively. The most commonly used types of
activation functions are hyperbolic tangent, softmax, linear, and
sigmoid) [45]. An FF-ANN layer is developed by joining the
multiple neurons into a single layer. 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

)
,

ℎ𝑗 = 𝐴𝑐𝑡

(
𝑀∑

𝑚=1

1𝑤𝑚𝑗𝑥𝑚 + 1𝑏𝑗

)
, ∀𝑗 = {1, … , 𝐽},

(15)

where 𝑦1 is the output of the ANN, represents the weights of the
hidden and output layers, 𝐽 is the number of hidden layers, 𝑀
represents the number of input neurons, and refers to the biases
of the hidden and output layers, respectively.

4.1 Training of ANN

This subsection outlines the steps involved in training the ANN.
The training of ANN is divided into two phases: Offline and
online. In the offline phase, MPVC is formulated, developed, and
tested using Matlab/Simulink simulations. The data extraction
process begins by collecting the inputs and outputs of the imple-
mented control technique. Various tests, such as step changes in
load, voltage references, and supply voltages, are conducted to
characterize the parent control approach comprehensively. After
gathering the raw data, the selection of inputs and targets for
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FIGURE 5 Overview of multi-layer ANN with multi inputs and
single output.

FIGURE 6 Confusion matrix of the trained ANN based on the
overall training data, where the correct and incorrect observations are
highlighted in green and red, respectively.

training the ANN is based on a hit-and-trial method. The error
between the output and reference voltage is ultimately chosen as
the primary input feature, while the converter’s switching action
serves as the output feature in this study.The dataset selected for
the offline training of the ANN consists of randomly sampled
data from different reference voltage levels, including 90 V, 95 V,
100 V, and 105 V. The dataset is then randomly split into three
subsets: training (70%), validation (15%), and testing (15%). The
network is designed with ten hidden neurons, and training is
performed using the Bayesian regularization technique, utilizing
the “trainbr” function in MATLAB.

The confusion matrix visualizes and summarizes the perfor-
mance of the trained ANN, as shown in Figure 6, which assesses
the performance based on the network’s output. In our case,
the ANN outputs either 0 or 1, representing the pulse for
the switch S1.The dataset comprises 180,006 samples in total.
The acquired dataset consists of 78.78% samples from output

TABLE 2 Performance metrics of the model.

Metric Value

Accuracy 97.2%
Precision (class 1) 100%
Recall (class 1) 96.5%
Specificity (class 0) 100%
F1 score (class 1) 98.2%

TABLE 3 Comparison of sensor requirements for different control
approaches.

Control technique Features used Inputs Outputs

MPC V𝑖𝑛, V𝑜𝑢𝑡 , I𝑜𝑢𝑡 3 1
Multi-input ANN [26] V𝑖𝑛, V𝑜𝑢𝑡 , I𝑜𝑢𝑡 3 1
SISO ANN (proposed) V𝑜𝑢𝑡 1 1

class 1 and 21.22% from output class 0. The proposed controller
successfully predicts the output class for random samples with
an overall accuracy of 97.2% and a precision of 100% as expressed
in Table 2. Table 3 compares the various control techniques,
showcasing the number of sensors required for implementation.
TheMPCandmulti-inputANN require two sensors to implement
the methods. The proposed ANN technique only needs output
voltage measurement, which makes it easy to implement and
reduces hardware complexity.

The trained ANN replaces MPC for real-time voltage control in
the test phase. The trained ANN model is exported to Simulink
to test its performance under the original scenario. To sum up,
the complete procedure of the learning-based control strategy is
illustrated in Figure 7, highlighting the key steps of the training
and test phases. Additionally, Figure 8 visually represents the
entire process. It is essential to mention that MPC accuracy relies
on the system’s mathematical modeling. However, the proposed
control scheme does not require the system’smodel but a training
dataset. It directly maps the raw input features to the desired
outputs. Therefore, the performance of the ANN does not depend
upon the system model or its parameters.

4.2 Stability Analysis

Data-driven controls such as MPC-aided ANN have gained
significant attention in control applications due to their ability to
approximate complex nonlinear functions and comprehensively
understand the system dynamics. The stability of control sys-
tems is a fundamental requirement to ensure predictable and
reliable performance, unlike traditional control systems, where
stability can be ensured through Lyapunov-based methods and
recursive feasibility. ANNs present significant challenges due to
their inherent nonlinearity, high-dimensionality, and data-driven
nature, making formal stability proofs more complex. In [46],
the authors propose a data-driven MPC scheme that ensures
stability using Lyapunov analysis and recursive feasibility, using
Hankel matrix representations for linear time-invariant (LTI)
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FIGURE 7 Main steps in deploying the ANN-based control strategy
for the DC/DC converter.

FIGURE 8 Graphical overview of whole training process [26].

systems. However, applying similar stability guarantees to ANNs
is challenging due to their non-convex optimization space, lack of
explicit state-space models, and dynamic parameter updates via
gradient descent. In [47], the authors analyze the robust stability
of a data-driven MPC scheme without terminal constraints,
proving practical exponential stability with a sufficiently long
prediction horizon, even under noisy measurements. However,
applying similar stability guarantees to ANNs is difficult due
to their nonlinear activation functions, high-dimensional weight
matrices, and stochastic updates, which complicate continuity

FIGURE 9 Lyapunov stability verification plots. (a) Lyapunov func-
tion evolution. (b) Lyapunov stability verification.

and stability analysis. This study analyzes the controller’s stability
using Lyapunov’s direct method. To validate the robustness of
the ANN controller, we employ Lyapunov stability analysis and
evaluate the system’s convergence behavior through numerical
simulations, as it is challenging to prove the mathematical
stability of data-driven control techniques. A nonlinear system
is considered Lyapunov stable if there exists a continuously
differentiable Lyapunov function 𝑉(𝑥) satisfying:

∙ Positive definiteness: 𝑉(𝑥) > 0 for all 𝑥 ≠ 0 and 𝑉(0) = 0,
ensuring that the function measures system energy.

∙ Negative semi-definiteness: The time derivative 𝑉̇(𝑥) satisfies
𝑉̇(𝑥) ≤ 0, indicating that the energy of the system does not
increase.

∙ Asymptotic stability: If 𝑉̇(𝑥) < 0, then 𝑥 → 0 as 𝑡 → ∞,
ensuring that the system error vanishes over time.

TheANNcontroller’s stability is evaluated by defining a quadratic
Lyapunov function:

𝑉(𝑥) = 1

2
𝑉2
error (16)

where

𝑉error = 𝑉ref − 𝑉actual (17)

Figure 9 shows the Lyapunov stability verification plots based on
simulation data. Figure 9a presents the Lyapunov function 𝑉(𝑥)

vs time plot. It can be observed from the figure that the Lyapunov
function achieves the zero value in a short time, which means
that the system stabilizes quickly. The controller effectively drives
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the state toward equilibrium. consequently, the controller fulfills
the key criteria and is considered asymptotic stable. Figure 9b
demonstrates that the derivative of the Lyapunov function is also
negative and decreases over time towards zero. We conclude that:

𝑑𝑉

𝑑𝑡
≤ 0. (18)

Since 𝑑𝑉

𝑑𝑡
≤ 0, the system satisfies the conditions for Lyapunov

stability. Moreover, as 𝑉error(𝑡) → 0 over time, the system is
asymptotically stable.

4.3 Discrete-Time Lyapunov Stability Analysis

The quadratic Lyapunov function in the discrete domain can be
defined as:

𝐿(𝑘) = 1

2
𝑉err(𝑘)

𝑇𝑉err(𝑘) (19)

where 𝑉err(𝑘) = 𝑉ref(𝑘) − 𝑉actual(𝑘). This function satisfies the
following properties:

∙ Positive definite: 𝐿(𝑘) > 0 for all 𝑉err(𝑘) ≠ 0

∙ Zero at equilibrium: 𝐿(𝑘) = 0 if and only if 𝑉err(𝑘) = 0

The change in the Lyapunov function between two discrete
sampling instants is:

Δ𝐿(𝑘) = 𝐿(𝑘 + 1) − 𝐿(𝑘) (20)

Δ𝐿(𝑘) = 1

2
𝑉err(𝑘 + 1)𝑇𝑉err(𝑘 + 1) − 1

2
𝑉err(𝑘)

𝑇𝑉err(𝑘) (21)

Assuming that 𝑉ref remains constant due to small sampling time:

𝑉err(𝑘 + 1) = 𝑉ref(𝑘) − 𝑉actual(𝑘 + 1) (22)

The controller affects 𝑉actual through the ANN model:

𝑉actual(𝑘 + 1) = 𝑓(𝑉actual(𝑘),ANN(𝑉err(𝑘), 𝑖𝐿(𝑘), 𝑉in(𝑘))) (23)

The change in output voltage due to the controller can be
approximated as:

𝑉actual(𝑘 + 1) − 𝑉actual(𝑘) = 𝛼 ⋅ 𝑉err(𝑘) (24)

where 0 < 𝛼 < 1 is a convergence factor.

Substituting into the error expression:

𝑉err(𝑘 + 1) = 𝑉ref(𝑘) − 𝑉actual(𝑘 + 1) (25)

= 𝑉ref(𝑘) − (𝑉actual(𝑘) + 𝛼 ⋅ 𝑉err(𝑘)) (26)

= (1 − 𝛼) ⋅ 𝑉err(𝑘) (27)

Substituting into the Lyapunov difference:

Δ𝐿(𝑘) = 1

2

[
(1 − 𝛼)2𝑉err(𝑘)

𝑇𝑉err(𝑘) − 𝑉err(𝑘)
𝑇𝑉err(𝑘)

]
(28)

= −𝛼(2 − 𝛼) ⋅
1

2
𝑉err(𝑘)

𝑇𝑉err(𝑘) (29)

FIGURE 10 Block diagram of proposed ANN controller implemen-
tation for single DER unit.

FIGURE 11 Demonstration of HIL testing setup used to implement
the DC MG.

Since 0 < 𝛼 < 1, it follows that:

∙ Δ𝐿(𝑘) < 0 for all 𝑉err(𝑘) ≠ 0

∙ Δ𝐿(𝑘) = 0 if and only if 𝑉err(𝑘) = 0

The quadratic Lyapunov function 𝐿(𝑘) represents the “energy”
of the voltage error. The negative definite nature of Δ𝐿(𝑘)

proves that this error energy decreases monotonically with each
time step, eventually converging to zero. Furthermore, the con-
troller’s effectiveness is characterized by the convergence factor
𝛼, which determines the rate at which the system approaches the
reference voltage.

5 Results

Figure 10 illustrates the graphical implementation of the pro-
posed reduced-sensor control technique for a single-step-up
DC/DC converter. This technique requires only a voltage sensor
to effectively regulate the output voltage at the PCC, eliminating
the need for additional sensors and reducing overall system
complexity and cost. Figure 11 depicts the hardware-in-the-
loop (HIL) testing setup used to validate the proposed control
technique. The setup includes an OPAL-RT 4510 real-time sim-
ulator, a graphical user interface (GUI) desktop, and a Keysight
EXR058A 8-channel oscilloscope. The HIL platform operates in a
hardware-synchronized mode, where analog inputs and outputs
of the simulator are enabled and carefully configured for optimal
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TABLE 4 Simulation parameters.

Parameter Value

DC input V𝑖𝑛 80 [V]
Inductor value 𝐿 4 × 10−5 [H]
Resistance value 𝑅 10 × 10−3 [Ω]

Capacitor C𝑓 600 [μF]

Line parameters Z12 𝑅 = 0.51 [Ω], 𝐿 = 10 [μH]

Line parameters Z13 𝑅 = 2 [Ω], 𝐿 = 70 [μH]

Line parameters Z24 𝑅 = 0.51 [Ω], 𝐿 = 12.1 [μH]

Line parameters Z43 𝑅 = 4 [Ω], 𝐿 = 60 [μH]

DC output V𝑜𝑢𝑡 100 [V]
PI parameters 𝐾𝑝 = 0.00547, 𝐾𝑖 = 7

TABLE 5 Controller performance comparison.

Controller Settling time Overshoot

PI 19.9 ms 180%
MPC 124 μs 0.445%
Proposed ANN 99 µs 0.325%

FIGURE 12 Performance evaluation of PI and MPC and ANN-
based voltage control.

performance. In this setup, each DER unit’s output voltages
and currents are measured using a simulator analog output
measurement board. These signals are fed back into the simulator
via an analog input board usingwired connections. This approach
ensures that critical real-world factors’such as system time
delays, electrical noise, and signal interference–are accurately
incorporated into the testing environment. Such fidelity allows
for rigorous evaluation of the controller’s performance under
realistic operating conditions. The simulation parameters of the
DC MG are given in Table 4. The performance comparison of
different controllers in terms of overshoot and settling time is
presented in Table 5. Figure 12 illustrates the performance of three
different control techniques applied to step up DC-DC converter,
comparing their output voltage and current responses. As shown
in Figure 12, PI-based voltage control exhibits a relatively fast
transient response but suffers from significant overshoot, which
may lead to stability issues or stress on the system. The MPC-
based voltage strategy improves with a more controlled rise
and less overshoot, indicating better predictive adjustments and
system stability. However, the proposed artificial neural network

FIGURE 13 The layout of the DC MG test bench system has four
DER units connected in the ring structure.

FIGURE 14 The transient response evaluation of the proposed
controller in DC MG test system.

control with reduced sensor outperforms both PI and MPC by
achieving a rapid and precise rise to the desired levels with
minimal overshoot and almost no fluctuation, displaying supe-
rior performance in maintaining consistent output. This quick
settling time and the steady-state accuracy of the ANN suggest
that it can better handle complex, dynamic conditions within the
DC-DC converter’s operation. The comparison between PI, MPC,
and proposed ANN is carried out using MATLAB/SIMULINK.

5.1 Voltage Tracking

In this case, we investigate and test the controller’s performance
and transient response while tracking the voltage reference. The
controller performance is tested in an interconnected DC MG
system, as presented in Figure 13. The test system consists of
4 DER units interconnected via transmission lines with their
impedance. The DC test bench system is working in autonomous
mode. Initially, the voltage of all DER units is set as per values
expressed in Table 4.

As per the guidelines outlined in IEEE 1159-2019, the controller
must ensure stability, achieve the intended transient and steady-
state performance, and zero steady-state error in a closed-loop
DC microgrid. The transient response of the proposed controller
while tracking the voltage reference is shown in Figure 14.
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FIGURE 15 Response of the DC microgrid to a reference voltage
change for DER1 and DER4 at 1 s, with DER1 adjusted from 100 V to 102
V and DER4 from 100 V to 98 V. (a) Output voltage of all four DERs. (b)
Output current of all DER Units connected in ring structure.

The observed waveform indicates that the studied controller
effectively stabilizes the voltages of DER units according to their
respective reference values without showing any undershooting
or overshooting behavior.

Figure 15 illustrates the response of the proposed control regard-
ing the change in voltage reference from 100 V to 102 V and 100
V to 98 V for DER1 and DER4 accordingly at t = 1 s. The response
of the output voltage of DER1 and DER4 under the change of
reference voltage is shown in Figure 15a. It can be observed from
Figure 15 that the proposed controller remains stable against
voltage reference change, attains the new reference without any
transient and steady-state error, and follows the IEEE standards
guideline. Furthermore, the output voltage of the neighbouring
DGs of DER1 and DER4 remains stable and adjusts their current
accordingly to meet the load connected to their respective PCC. It
follows the reference without taking into account the disturbance
and system impedance, as shown in Figure 15. So, the robustness
and stability of the proposed controller are confirmed in these
results against the change in reference voltage.

5.2 PnP Functionality of DER Units

The plug-and-play capability of the DER units in MG is one
of the essential requirements for the control system due to the
intermittent nature of renewable energy. This test is validated
rigorously in the real-time environment using the OPAL-RT
Opal 4510 real-time simulator. The results are captured using
a key sight EXR058A 8-channel oscilloscope. In this scenario,
we investigate the performance of the proposed controller under
the PnP functionality of the DERs. DER4, connected to DER2

and DER3, is removed from the system at t = 1 s and is again

FIGURE 16 Response of the DCmicrogrid following the removal of
DER4 from the system.

FIGURE 17 DC microgrid layout after changing from the ring to
radial distribution topology.

connected back into the microgrid at t = 1.5 s. However, the load
at PCC4 remains connected all the time. This operation affected
the adjacent DG units. The voltage and output current of all
DERs are depicted in Figure 16. As shown in Figure 16, the DER4

output current becomes zero. In contrast, the output current of
theDER2 andDER3 increases tomeet the load demand according
to their capacity. At the same time, the voltage of all DGs
remains stable without any disturbance and follows the reference
with zero steady-state error. These results prove the robust
performance of the proposed controller and the PnP capability in
DC MG.

5.3 Microgrid Topology Reconfiguration

This test case is performed to validate the stability and resilience
of the proposed control system under different distribution
network configurations. Initially, the configuration of the MG is
in a ring-type distributionnetwork.However, the lineZ43 between
DER3 and DER4 is disconnected, transforming the DC MG to
a radial-type distribution network, as illustrated in Figure 17.
Figure 18 presents the output voltages of all four DG at their
PCCs. It is worth mentioning that the voltage of DERs remains
stable and shows no fluctuation. The findings of this case depict
the optimal performance of the designed controllers in response
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FIGURE 18 Output voltage of DER units against DC MG reconfig-
uration.

FIGURE 19 Output voltage and current response of DER units
under unknown load variation test.

to the variations resulting from uncertainties that affect the
MG configurations.

5.4 Adaptability to Unknown Load Variations

In this case, we investigate the performance of the developed
controller against the load uncertainties. In addition, the system
transient response and overshoot under varying load conditions
are also studied. In the beginning, the loads mentioned in the
table are connected at PCC3. At t = 1 s, the load is reduced to 1.25
kW at PCC3 as manifested in Figure 19. The 1st graph of the scope
illustrates the output voltage ofDER1 andDER4. The 2ndwindow
of the oscilloscope shows the output voltage of DER3, where the
load is decreased, and the 3rd scope exhibits the output current
of DER3. It can be seen that with the decrease in load, the output
current also decreases, but the voltage at all PCCs remains stable
without any disturbance. Hence, the proposed controller shows
robust behavior against unknown load variations.

5.5 Controller Response to Parametric Variation

In this test, the sensitivity analysis of the proposed controller in
a DC microgrid (MG) is conducted to demonstrate its stability
against parametric variations. To evaluate the controller’s robust-
ness, the DCMG impedance is reduced by 20%, and the response
of the DER units is analyzed. Figure 20 illustrates the output
voltage and current of all four DER units, confirming that the
controller maintains stability despite parametric variations.

FIGURE 20 Voltage and current response of DER units in a ring
configuration under a 20% reduction in line impedance compared to
values in Table 4.

6 Conclusion

Due to the high variations in loads and nonlinear dynamics of
the power system, regulating the DC-DC converter is a significant
problem. This article presents a reduced sensor ANN-based
voltage control approach for a DC-DC step-up converter as a
DG. Initially, themodel predictive voltage control is implemented
as an expert to extract the data set for the ANN training. After
the ANN has been trained on different parameters and loading
conditions, The finely tuned reduced sensorANN is implemented
to control the DC-DC converter. The proposed control technique
performs better in various aspects, such as DERs’ plug-and-play
(PnP) operation, parameter variation, topology reconfiguration,
and load fluctuations. Lyapunov stability analysis is also carried
out to demonstrate the stability of the system via numerical
simulation. It is important to mention that the ANN is trained
and tuned using data from a single converter. However, it has
been applied to four-bus systems that incorporate line parameters
to assess its effectiveness. The results indicate that the proposed
controller performs well in all scenarios compared to the classical
PI controller. The real-time hardware-in-loop results also validate
the robust performance of the proposed control approach under
different cases.
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