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Abstract—Hybrid energy storage system (HESS) is an
effective solution to address power imbalance problems
caused by variability of renewable energy resources and
load fluctuations in DC microgrids. The goal of HESS is to
efficiently utilize different types of energy storage systems,
each with its unique characteristics. Normally, the energy
management of HESS relies on centralized control
methods, which have limitations in flexibility, scalability,
and reliability. This paper proposes an innovative artifi-
cial neural network (ANN) based model predictive control
(MPC) method, integrated with a decentralized pow-
er-sharing strategy for HESS. In the proposed technique,
MPC is employed as an expert to provide data to train the
ANN. Once the ANN is finely tuned, it is directly utilized
to control the DC-DC converters, eliminating the need for
the extensive computations typically required by conven-
tional MPC. In the proposed control scheme, virtual re-
sistance droop control for fuel cell (FC) and virtual ca-
pacitance droop control for battery are designed in a
decentralized manner to achieve power-sharing, enhance
lifespan, and ensure HESS stability. As a result, the FC is
able to support steady state loads, while the battery han-
dles rapid load variations. Simulation results using
Matlab/Simulink demonstrate the effective performance
of the proposed controller under different loads and input
variations, showcasing improved performance compared
to conventional MPC.

Index Terms—Hybrid energy storage systems, model
predictive control, artificial neural networks, decentral-
ized control, DC microgrids.
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[. INTRODUCTION

Microgrids are becoming increasingly popular due
to their increased efficiency, and simplicity of
integration with renewable energy resources (RES) and
energy storage systems (ESS) [1]. DC microgrids offer
a wide range of applications in residential, commercial
areas and power systems due to their versatility, excel-
lent efficiency, and high-power density supply [2].
Ensuring power supply-demand balance in DC mi-
crogrids is crucial, especially considering the fluctua-
tions of renewable generations and sudden variations in
demand [3].

To address power imbalance, ESS are widely de-
ployed [4], [5]. In DC microgrids, fuel cells (FC) are
valuable due to their high efficiency and reliable power
generation. However, it is important to recognize that
different ESS exhibit varying characteristics. For in-
stance, supercapacitors (SC) possess high power density
and fast dynamics but poor energy density, whereas FC
possesses high energy density but slow dynamic reac-
tion and low power density. Batteries on the other hand,
have both high-energy and high-power densities [6]. To
overcome the limitations of any single type of ESS in
DC microgrids, researchers have introduced hybrid
energy storage systems (HESS), that utilize several
technologies and offer numerous benefits over a single
ESS [7]. Furthermore, due to mature technology, lith-
ium-ion batteries are more cost-effective than SC while
also offer a longer lifecycle compared to other battery
chemistries. Lithium-ion batteries can maintain a high
state of health over time through repeated
charge-discharge cycles, and thus, the FC-battery HESS
is a better option than alternatives [8].

Real-time allocation of power is crucial in DC mi-
crogrids with HESS for their optimal usage [9]. Nu-
merous research studies are presently being conducted
to establish effective management for HESS including
centralized, hierarchical, and decentralized control.
Centralized methods, such as multi-level communica-
tion method [10], low pass filter method [11], and
fuzzy-logic based method [12], need a central controller
to create reference signals for each specific ESS con-
verter controller via communication systems. However,
this approach can lead to intricate system design and



thus is not optimal for scalability. The decentralized
method is preferable to improve system performance
because it does not rely on communication systems to
regulate power [13].

Among the latest control methods, model predictive
control (MPC) is considered to be one of the best ad-
vanced control techniques for DC microgrids with
HESS compared to traditional controllers such as pro-
portional-integral-derivative (PID) [14]. MPC-based
controller is presented in [15] to solve instability issue
with limited simulations. A decentralized composite
MPC control for battery-SC is also designed in [16].
However, to obtain optimal control actions, the MPC
requires the entire system state-space representation and
results in very high computational difficulties.

MPC can be described into two types, finite control
set MPC (FCS-MPC) and continuous control set MPC
(CCS-MPC). In FCS-MPC, selecting a single switching
state per sampling period leads to high power ripple and
variable switching frequencies [17]. In contrast,
CCS-MPC maintains a constant switching frequency by
employing a modulator and utilizes a pulse width
modulator (PWM) to generate control signals [18]. The
control action for each power switch is composed of a
duty cycle, and the switches can therefore have a fixed
switching frequency and several states during a single
sample period.

The integration of intelligent approaches has also
gained prominence in addressing control challenges in
DC microgrids [19]. Specifically, artificial neural net-
works (ANN) based controllers have been widely used
for problem detection and power grid stability [20],
disturbance compensation in DC microgrids [21],
managing the DC-bus voltage of AC/DC microgrids
with low computation stress [22].

To address the challenges of computational com-
plexities inherent in conventional MPC, ANN-based
MPC is designed to improve control performance and
simplify the control actions in power converter appli-
cations [23], [24]. Even though these methods work
well for single energy source DC-DC converter systems,
they do not address system-level coordination for mul-
tiple energy sources. ANN-MPC for HESS is designed
in [25] comprising battery and SC, where the ANN
dynamically determines current references based on the
current state of charge (SOC) of the battery and SC, as
well as the mismatch between photovoltaic (PV) pro-
duction and load power. However, this strategy is not
implemented in a decentralized manner. Moreover, the
previously mentioned studies do not provide insights
into the switching frequency dynamics of MPC. From
the above literature analysis, it is imperative to design a
system-level control strategy for HESS in a decentral-
ized manner that incorporates multiple energy sources
to achieve system stability and optimize control per-
formance while minimizing computational complexity.
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In this study, a novel ANN-based MPC is proposed
for HESS composed of FC and battery to address the
above mentioned issues such as centralized power al-
location [12], and computational complexities [16] in
MPC. MPC is initially designed and operated in a sim-
ulation environment. Subsequently, ANN is trained
offline using data obtained from MPC, enabling it to
serve as a central controller. This alleviates the need for
extensive mathematical computations. The trained
neural network demonstrates strong approximation
capabilities and yields control performance comparable
to conventional MPC. Additionally, by integrating vir-
tual impedance droop control, decentralized power
allocation among HESS is achieved, ensuring voltage
stability in DC microgrids. The HESS utilizes FC for
steady-state power support while the battery handles
rapid variations, thus extending FC lifespan and storing
surplus energy. To validate the performance of the
proposed controller in terms of voltage stability and
smooth transient response, the system is tested under
different input-output variations. In summary, the fol-
lowing points outline the main features of this study.

1) This study introduces an innovative ANN-MPC
approach to address the issues of conventional MPC
method, such as mathematical computational complex-
ity in coordination between multiple energy sources.
The proposed ANN-MPC optimizes control accuracy
through squared error minimization and backpropaga-
tion during ANN training. Offline convergence ensures
rapid dynamic response, enhancing the control perfor-
mance under uncertain conditions. In addition, system
model of HESS is not necessarily required.

2) To address the issue of excessive switching fre-
quency when the switching frequency approaches the
sampling frequency in FCS-MPC, a cost function is
defined to incorporate a weighting factor to penalize
deviations from the desired switching frequency, ulti-
mately enhancing control performance of HESS. By
limiting the switching frequency, stability is maintained
and excessive switching losses are prevented.

3) To achieve decentralized power allocation among
the FC and battery, a composite virtual resistance and
capacitance droop control with ANN-MPC is intro-
duced. Voltage reference signals are generated for the
DC-DC converter by considering the droop relationship
between the output-voltage and output-current that
regulates the DC bus voltage concerning changes in the
load current. Optimal tracking of the reference signal is
achieved by the proposed ANN-MPC.

The rest of the paper is organized as follows. The
hybrid system model under study is stated in Section I,
while in Section III, the methodology is provided
through an overview of MPC and ANN, the proposed
ANN-MPC, and decentralized power sharing for HESS
using virtual impedance droop control. Section IV in-
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cludes case studies on various input-output variations,
discussions on the results. Finally, Section V draws
conclusions.

II. DC MICROGRID WITH HYBRID ENERGY STORAGE
SYSTEM UNDER CONSIDERATION

The schematic design of the DC microgrid incorpo-
rating the HESS is shown in Fig. 1. A bidirectional
DC-DC converter and a boost converter connect a bat-
tery and a FC to the DC bus, respectively. PV is a re-
newable energy source, coupled to the DC bus via a
boost converter operating in maximum power point
tracking mode. The DC bus is then connected to the
loads.
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converter
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Fig. 1. Schematic design of DC microgrid with hybrid energy
storage system.

The HESS maintains the power balance on the DC
bus and compensates any power fluctuations between
PV and loads. The DC bus currents are shown as:

iob + iofc = io (1)
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where i, and i are the resulting output currents of

the battery and FC converters, respectively; i, is the

total load current; V,_ is the voltage on the DC bus; £,

is the power of the constant power load (CPL) which
can be positive or negative; and R represents the
resistive load.

The reduced schematic design of HESS under study
is shown in Fig. 2. Herein, the HESS model can be
stated as:

8oy —a-py, G
dv,
C—==(01-D)i, —i 4
X dt ( ,\)L» ox ( )
where V.,V _,i_, i, ., L ,and C (xisborfc) are

the respective input voltage, output voltage, output
current, inductor current, inductor value, and capacitor
value of the HESS DC-DC converters, and

D_ (xisborfc) is the control signal for the switches
of the battery and FC converters.
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Fig. 2. Simplified DC microgrid including hybrid energy storage
system.

III. PROPOSED ANN BASED MODEL PREDICTIVE
CONTROL

In this study, a novel approach leveraging
ANN-based MPC for HESS comprising FC and battery
is proposed. The key challenges such as centralized
power allocation and computational complexities, in
traditional MPC methods for HESS are addressed.
Initially, MPC is designed and tested in a simulation
environment. Subsequently, an ANN is trained oftline
using data generated from MPC simulations. This
trained ANN serves as a central controller within the
PWM framework. To accomplish decentralized power
allocation among the HESS, ANN-MPC is incorporated
with virtual impedance droop control. The framework
of the proposed control method is illustrated in Fig. 3,
which includes two phases of operation: offline phase
and online phase. In both online and offline phases, the
input to the system is derived from the DC-DC
converters, and the output is generated in the form of
control signals for the converters.

1) The offline phase is initiated with the implemen-
tation of conventional MPC designed for the HESS,
where the discrete time model of the system, prediction
horizon, and cost functions are defined. This involves
selecting appropriate control and prediction horizons,
formulating a cost function to be minimized, and solv-
ing an optimization problem to obtain control inputs.
The offline phase concludes with the generation of
input-output pairs forming the dataset and ANN is then
trained using this dataset.

2) In the online phase, the ANN assumes the role of
the primary controller for the HESS. During training in
the offline phase, the ANN learns from the dataset pro-
vided by the MPC which represents critical system
states and corresponding control actions. The training
process refines the internal parameters of the ANN,
allowing it to capture complex relationships between
input-output pairs. The trained ANN leverages this
acquired knowledge to make real-time decisions and
control the DC-DC converters. Moreover, the reference
signals are generated based on virtual resistance and
capacitance droop control designed for the FC and bat-
tery to achieve power-sharing among them in a decen-
tralized way.
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A. Basis of Model Predictive Control for DC Microgrid

1) Model Predictive Control

MPC stands as a widely recognized and effective
model-based control approach in the context of power
electronics. It is an advanced control method charac-
terized by its ability to handle constraints effectively
[26].

The system to be controlled consists of power
converters with »n switching modes. Prediction and
optimization are the two sections that form the MPC
[27]. Considering x(k) represents the system state at
the start of each usual sample period ¢ =47 and y(k)
indicates the desired output to reach a specific reference
signal x" (k) , MPC aims to calculate the control signal

D(k) through computational optimization based on the

system output y(k) and its reference signal x'(k) . This

process involves finding the best control signal along a
prediction horizon p spanning time frames to achieve

best performance according to a predefined cost
function. Upon applying the control signal D(k), the
system adapts to a new state x(k+1), and then the

procedure repeats [28].
MPC is characterized by two primary parameters,

including the control horizon m, €[l, m,], representing
the number of control actions to optimize in each step
, » which

determines how far into the future the controller looks
when optimizing the control action. The cost function

and the prediction horizon denoted as m
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Fig. 3. Proposed ANN based model predictive control. (a) Offline phase. (b) Online phase.

g consists of the error signal, which quantifies the

difference between the measured output voltage and the
reference value, and is given as:

g=3Xa,[(x' (k) - yk)] (5)
J=li=1
where «; represents the weighting parameter which is

used in fine-tuning the MPC system; and m, is the

number of control outputs.
2) Model Predictive Control Implementation for Hybrid
Energy Storage System

As shown in Fig. 2, the HESS is composed of a boost

converter for FC and a bidirectional converter for the
battery system. Initially, FCS-MPC is designed for the
HESS, so the discrete-time model of the DC-DC
converters is required. For the FC system, the boost
converter is used to step up the voltage.

The output voltage of the boost converter is regulated
by altering the duty cycle of switch §. In MPC, the
pulse for the switch is generated directly by the MPC.
The switching modes of the switch S are defined
by D,, as:

1, if s=1

D=0, its=0 ©)
where S =1 indicates the ON position of switch; and
S =0 indicates OFF position.

The discrete-time system model of the boost

converter which predicts the future response of voltage
and current is expressed as:
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where (k+1) presents the next state; and 7T is the
sampling time.
And g, chosen for this case, is illustrated as:

g={ink+1) ~i (k+D] +Ax

[Du(k) =Dy (k=D

where i is the reference current for converter; and A is

)

the weighting factor.

The control objective contains two terms. The first
term focuses on minimizing the error between the
reference and the actual currents of the converter.
Furthermore, as the MPC does not use comparators to
generate the control output, it has a variable switching
frequency. If the switching frequency is close to the
sampling frequency, control error will rise [29]. To
decrease the switching frequency, the second term in the
cost function for switching states is adopted and A is
utilized to limit its effects on the total cost function. In
this study, 4 is determined as 0.15 by using the cost

function classification method proposed in [30]. The
compromise between the switching frequency and the
inductor current error is set by the A>0. It is worth
mentioning that the switching frequency changes
according to the operating point of the converter. The
switching frequency is less than half of the sampling
frequency, despite the operating point and the upper
bound on the switching frequency is provided by the
sampling interval 7, ,i.e., £, <l/(2T))[31].

Similarly, the power delivered or absorbed by the
battery is regulated by controlling the bidirectional
converter. When the battery is discharging to supply
power, it operates in boost mode, and when it is
charging, it operates in buck mode. For the two states,
the discrete-time model of the system for a sampling
time 7' is given as follows.

when D, =1(S,=1,5,=0):

iLb(k+l)=iLb(k)+T% (10)
b
Vo (k+ 1) =V, (k) + 78 (11)
Cb
when D, =0(S, =0, S, =1):
V-V (12)

Iy (k+1) =1, (k) + T%

Vdc(k“):Vdc(k)+T"Lb(k)C—"¥>(k) 13

To maintain the DC bus voltage, the bidirectional
converter switches to boost mode during the battery
discharging process, supplying power to the DC bus.
Conversely, it switches to buck mode during the
charging process, drawing power from the DC bus.
Thus, g can be formulated as:

g =[iyk+ 1 —iyy(k+ D] +Ax

2 2
[ D, (k) =D, (k=1)]
where i, is the reference current for the converter.
A proportional-integral (PI) regulator is used to
provide the reference for inductor current based on

output voltage error. The output voltage error e can be
illustrated as:

(14

(15)
where V (x is b or fc) denotes the reference voltage.

The PI regulator then calculates the reference current
for the intended reference voltage as follows:

i, =ke+k [edt (16)

where k and k; denotes the proportional and integral

parameter, respectively.
The MPC execution for the HESS can be outlined as
follows.

1) At the initiation of the switching moment, V.,

X

Vst i, SOC and reference signals V_,i,,i, are

o: o
measured.
2) Predictions for the measured output at the next

instant, k +1, are made for all feasible switching states.
3) Subsequently, the computation of g for all poten-
tial states and then implementation on the converter
during the subsequent time step (k +1) takes place. The
optimization problem underlying MPC at time-step &
involves minimizing g, subject to the dynamics of the
converter model, yielding the optimal switching se-
quence for the converter D (k). The optimization
problem can be expressed as follows:
D, (k) =argmin (g) (17)
The control method chooses the ON state for the

switch if the computed cost function for the ON position
of the switch is smaller than that for the OFF position.

B. ANN Based Model Predictive Control Strategy

To determine the appropriate values for the controlled
variables, MPC carries out optimization and future
prediction [32], which requires significant computing
load and can take a long time. ANN is employed in this



work to address the shortcomings of MPC. Based on the
MPC generated dataset, the ANN is taught to act as the
predictive-based controller. The strategy employing
MPC aims to predict future values of the plant output
and utilizes an optimization method to determine the
control inputs.

ANN is typically considered as a subsection of
artificial intelligence that tries to replicate the thinking
of the human brain. ANN excels at nonlinear prediction
and has applications in the wide range of fields,
including failure identification, regression problems,
network identification, and modeling of real-world
systems. Their adaptability and capacity for complex
pattern recognition make them an effective tool in the
field of machine learning [33].

1) Architecture of ANN

A mathematical connection among input parameters
and outputs is a simple description of ANN, that uses
learning algorithms to generate predictions based on
previous information [34]. It is composed of several
layers executed in parallel. The proposed ANN is a
multi-layer feed-forward neural network with Leven-
berg-Marquardt backpropagation process, known for its
fast convergence, and its output error is used to update
the weight matrices and biases of ANN. Table I shows
the proposed neural network specifications. In a tradi-
tional MPC setup, an observer is required to obtain
feedback from the plant output, and the feedback is
crucial for the controller to make informed decisions.
To simplify the structure in the ANN-MPC approach,
this work replaces the observer, plant modeling, and
optimizer with a feed-forward neural network where
information flows in a unidirectional manner from the
input nodes of the network via a hidden layer and cul-
minates in the output nodes.

TABLEI
PROPOSED NEURAL NETWORK SPECIFICATIONS
Parameters Training configuration
Network Feed-forward backpropagation

Training function Trainlm

Performance function Mean square error

Number of layers 3

As shown in Fig. 4, the network takes M input
parameters (i.e., /

output (i.e,O0,,n=1,---,N). The total amount of
neurons in both layers should be equal to the number of

targets to be processed. The single output neuron is
expressed as:

m=1,--,M) and generates N

y:a(b+f:xiw,) (18)
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where a represents the activation function; the
weighting parameters w, are multiplied by every input
parameter x; before being forwarded towards the hid-

den layer; the biases b are added to the total of the
weighted data, and each neuron is then employed by a
in the hidden layer.

Input layer

Hidden layer

Output layer
Fig. 4. Two-layer neural network architecture.

The results of this process are then multiplied by w,,,

before fed to the output layer. a can be shifted using
those biases, which enhances the capacity of the model
to adapt to the provided dataset [35]. The nth output can
be expressed mathematically as:

J
O"=Q(ZW/"H]+b2nj’vn={1’“"N} (19)

J=1

M
H, =a(2wmjlm+bljj,Vj:{1,---,J} (20)

m=1

where the w, denotes the weighting parameters; the

H, represents the hidden layer outputs; and b,,

denotes the biases of the output layer.

To understand complex structures and evaluate how
well the network design has learned the training data, a
(such as sigmoid, hyperbolic tangent, softmax, and
linear) is a crucial component of the ANN design [36].
2) Training of ANN

The training process of ANN is shown in Fig. 5. The
most crucial step of training is the appropriate data
selection. In this case, the datasets have been measured,
then scaled data have been incorporated into the
simulation. The collected information is used to
generate input and output datasets, and then to
determine the optimal values of weights w, and

biases b;. To rigorously evaluate its accuracy, a

standard procedure of data split process is employed.
This process involves partitioning the dataset into three
distinct subsets, 70% for training, 15% for testing, and
another 15% for validation, at 1000 epochs.
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Generation of dataset with the help of MPC

Input-output pairs
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Fig. 5. ANN training steps.

The process is started with a backpropagation method
containing input and output in their layers and 25 hidden
neurons in the hidden layer. The training of multi-layer
neural  network is  achieved  using  the
Levenberg-Marquardt algorithm which is renowned for
its efficiency and rapid convergence to optimal network
weights. It combines the benefits of gradient descent
and the Levenberg-Marquardt algorithm, ensuring rapid
convergence to optimal network weights. It is important
to point out that the training data measured from the
system is saved into simulation as an 1000001x
(number of inputs) matrix presenting data
1000001-1-time steps of input components and targeted
1000001x (number of outputs) matrix as output,
presenting output data 1000001-1-time steps of one
component. For the trained ANN, high accuracy can be
achieved by ensuring that the value of mean squared
error (MSE), i.e., e, is as close to 0 as possible and
that the correlation coefficient (R) reflects convergence

to 1. The e, is given as:

e =5 2" (0= YO 1)

where P denotes the batch size; y"(¢) denotes the
solution given by MPC; and y(¢) denotes the solution

inferred by ANN. Backpropagation is used to update the
weights and bias of the ANN to reduce the loss. After
ANN has been well-trained, it can mimic the continuous
control behavior of MPC by generating nearly the same
control as MPC. The data is obtained via MPC during
the offline phase considering variable load conditions,
and ANN is thoroughly trained and prepared for use
during the online phase. Without requiring any
computational work, the trained ANN works as a central
controller for the system serving as the prediction model
and generating the control signal for power converters.
In simple terms, the process begins with gathering

initial data for training the ANN, which is then
employed to initiate operations, eliminating the
requirement for additional controllers.

The optimal validation performance is assessed
through the MSE value e, , serving as the target for

validation in the training process. Validation
timestamps are utilized to measure network generaliza-
tion and determine when to end the training procedure,
stopping once further improvement ceases. One of the

best validation performances of MSE for D, and D,

are shown in Fig. 6 and Fig. 7, respectively.
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Fig. 7. eysg for D, at 1000 epochs.



The inputs and outputs of ANN used to control the
power converters for ESS are given in Table II with
their best MSE values. The ANN-MPC method utilizes
duty cycles produced by an ANN to generate PWM for
power converters. These duty cycles, representing the
desired on-time duration relative to the total PWM

PROTECTION AND CONTROL OF MODERN POWER SYSTEMS, VOL. 10, NO. 4, JULY 2025

waveform period, are generated within the range of 0 to
1 by the ANN. To produce PWM signals, a carrier
frequency, such as a 20 kHz triangular waveform, is
employed. The ANN output is then compared with this
carrier waveform to generate the PWM signals for the
power converter switches.

TABLEII
ANN PARAMETERS FOR CONTROL SYSTEM OF DC-DC CONVERTERS
ANN Control system Input Output ensE
ANN for FC system Boost converter Vs Tiges bges Ve D, 0.037 687
ANN for battery system Bidirectional converter Vies fps is Vs » SOC D, 0.056 52

C. Decentralized Power Sharing Among Hybrid Energy
Storage System

The integration of the proposed ANN-MPC and vir-
tual impedance droop control for managing the power
sharing between the FC and battery is shown in Fig. 8.
In the context of the virtual impedance droop control,
the output voltage reference for the DC-DC converters
is dynamically adjusted based on the reference DC bus

voltage V", virtual resistance R, , virtual capacitance

C, and the output current i, [37]. A virtual resistance

droop control is incorporated into the integrated control
system for the FC and virtual capacitance droop control
for the battery. The output signal is used as a voltage
reference for the DC-DC converters in both online and
offline phases. This integrated approach facilitates
power allocation within the HESS without any com-
munication between them, and the DC-DC converters
can track their reference signals effectively. This feature
becomes particularly advantageous during dynamic
load changes, preventing undue stress on the FC and
mitigating the wear and tear associated with rapid
power demand fluctuations.

DC bus
+ V.J.- B

Virtual

__—» resistance | m
P droop

2>
e V'
&AL control FC systen

s <

~

1 |1oads

__—p| capacitance| :
. Iif‘\, droop

N
webet S control

Battery system ),

E I

Fig. 8. Virtual impedance droop control for hybrid energy stor-
age system.

The V-I characteristics of the FC converter with
virtual resistance control and the battery converter with
virtual capacitance characteristics are stated as:

Ve =V" =Ry (22)
1
Vo =V _C_lob (23)

where V' represents the reference DC bus voltage;
R, and C, denote virtual resistance and virtual

capacitance; V.

rfc

and ¥, denote the reference voltage;

and the output currents are denoted by i and i, .

ofc
Line impedance can be neglected so V, =V, =V,

[38]. The output current relationship between the FC
and battery can be obtained as:

1

i =—— g 24

® RC +1° 4

%:Jﬁﬁ_% (25)
RC+1

It is evident that the current transfer functions of the FC
and battery have the traits of a high-pass and low- pass
filters, respectively, and the time constant is given by:

T=RC, (26)

IV. SIMULATION RESULTS

To assess the effectiveness of the proposed method,
simulations are carried out using Matlab/Simulink. The
ANN is trained and tested first with a single ESS of FC,
with dataset generated from conventional MPC, to en-
sure its prediction accuracy in reference signal tracking
and voltage stability. The parameter values are given in
Table I11.

TABLE III
SYSTEM PARAMETERS VALUES
Parameter Description Value
V'(V) Reference voltage 100
T'(us) Sampling time 10
/.(kHz) Switching frequency 20
L, (uH) Inductance 930
C,.(uUF) Capacitance 1000
L, (uH) Inductance 575
C, (uF) Capacitance 1000
R, Virtual resistance 0.5
C, Virtual capacitance 1/0.5/(2m%0.5)
k ,k Proportional and integral gain 0.3, 80

p> i

A. Case Studies

1) Case 1: Voltage Stability under Variable Loads
Conditions

In case 1, stability and dynamics analyses under
variable load conditions are examined. The role of the
ANN-MPC is to maintain voltage stability when load
varies. Figure 9 illustrates the scenario when the
resistive load changes from 500 W to 1000 W at 0.03 s,
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and then returns to 500 W at 0.06 s. During the load
transitions, a brief voltage deviation occurs, but the
output voltage promptly recovers, stabilizing back to its
reference value of 100 V. The control signals for both
MPC and ANN-MPC are also shown for the time period
around 0.05 when the load is 1000 W. The ANN-MPC
achieves similar performance as MPC with smooth
transient response, though MPC suffers from the
computational effort resulting in slower response.
Notably, the switching frequency of MPC is lower than
the sampling frequency so potential control errors can
be addressed.
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Fig. 9. Voltage stability under resistive load variations with
comparison between ANN-MPC and MPC. (a) Output voltage. (b)
Inductor current. (¢) Control signal of MPC and ANN-MPC.

Moreover, a key challenge to system stability is the
increasing use of power converters to connect loads
with ESS. Many of such loads can destabilize the sys-
tem due to their CPL characteristics with negative im-
pedance. Consequently, the stability of the proposed
controller is tested under variation of CPL as given in
Fig. 10. At 0.03 s, the CPL changes from 500 W to 1000
W and then returns to 500 W at 0.06 s. During these load
transitions, a voltage fluctuation occurs, but the output
voltage quickly recovers and is stabilized to the refer-
ence voltage, showing smoother transient behavior as
compared to MPC.
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(b)

Fig. 10. Voltage stability under CPL variations with comparison
between ANN-MPC and MPC. (a) Output voltage. (b) Inductor
current.

2) Case 2: Voltage Stability under Input Variations
The impact of input source voltage variations on the
system dynamics is assessed and the results are shown
in Fig. 11. The resistive load remains constant at 500 W,
while at 0.03 s, the input voltage is increased from 50 V
to 70 V, and then decreased to 50 V at 0.06 s. It can be
seen that the change of the source voltage causes a
momentary change in the load voltage which is quickly
stabilized to its reference value. Hence, system stability
can be achieved in the event of input voltage variations.
A comparative analysis between the ANN-MPC and
MPC is performed, focusing on smooth transient
response and voltage stability under varying source
conditions and the precise tracking of reference signal.
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Fig. 11. Voltage stability under input source variations with a
comparison between ANN-MPC and MPC. (a) Variable input
source voltage. (b) Output voltage. (¢) Inductor current.

The response of the controller to a varying reference
signal is shown in Fig. 12 when the resistive load re-
mains constant at 500 W. The reference voltage signal
increases from 90 Vto 110 V and then to 130 V at 0.03 s
and 0.06 s, and finally decreases to 90 V at 0.09 s. The
effective tracking capability of the proposed controller
can be observed as the output voltage precisely follows
the variable reference signal.
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Fig. 12. Voltage stability under reference signal variations with
comparison between ANN-MPC and MPC. (a) Reference voltage
signal. (b) Output voltage. (c) Inductor current.

3) Case 3: Robustness Test

In evaluating the robustness of the proposed
controller against parametric uncertainties, this case
study considers deviations in both inductance L and
capacitance C. When the L and C values differ from
those used to tune the conventional MPC controller and
train the ANN controller, the ANN-MPC controller
exhibits strong adaptive ability to withstand the increase
or decrease in L and C values beyond the nominal
values.

AL and AC represent the different deviations of in-
ductance and capacitance at —10%, 0 and +10%. Figures
13 and 14 illustrate the system response, demonstrating
the gradual and smooth transitions in output voltage and
inductor current as the parameters of L and C vary.
Notably, the DC bus voltage remains stable, particularly
during resistive load transitions from 500 W to 1000 W
at 0.03 s, followed by a return to 500 W at 0.06 s. De-
spite these parametric changes, the system consistently
maintains stable reference voltage tracking, underscor-
ing the robustness of the proposed approach.
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Fig. 13. Robustness test with L uncertainties. (a) Output voltage.

(b) Inductor current.
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Fig. 14. Robustness test with C uncertainties. (a) Output voltage.
(b) Inductor current.

4) Case 4: Decentralized Power Sharing Among HESS
under Different Load Scenarios
In this case, the power-sharing within the HESS is
analyzed when the resistive load undergoes a transition
from 500 W to 1000 W at 1 s and then returns to 500 W at
2 s as shown in Fig. 15. In normal conditions, this load
increase induces a transient current spike in the FC,
which may cause demage. To mitigate this issue, a
load-sharing strategy employing virtual impedance droop
control between the battery and FC is implemented. It
can be observed that upon sudden load change, the
battery current responds promptly, while the FC current
exhibits a smooth increase and decrease.
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Fig. 15. Power sharing among hybrid energy storage system with

resistive load. (a) Output DC bus voltage. (b) Inductor current of
FC and battery.

The steady-state power supply is handled solely by the
FC, with the battery contributing only during peak
transients. This  exemplifies the decentralized
power-sharing mechanism within the HESS.

Similarly, the effectiveness of power sharing with the
proposed controller is tested under variation of CPL as
given in Fig. 16. At 1 s, the CPL changes from 500 W to
1000 W and then returns to 500 W at 2 s. Effective power
sharing among the FC and battery is achieved with CPL.
This successful adaptation to CPL variations highlights
the resilience of the proposed controller in addressing
transient changes, which is a crucial aspect for the relia-
ble and efficient operation of HESS in DC microgrids.
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Fig. 16. Power sharing among hybrid energy storage system with
CPL. (a) Output DC bus voltage. (b) Inductor current of FC and
battery.

B. Numerical Results and Discussion

The numerical results are presented in Table IV
which compare the MPC and ANN-MPC on DC bus
voltage stability. The response time for the ANN-MPC
is notably shorter, averaging 12.65 ms compared to
1549 ms for the MPC. Additionally, the voltage
overshoot is reduced with ANN-MPC, averaging +4.78 V
compared to £4.96 V with the MPC. Moreover, the
proposed controller can achieve robustness to L and
C uncertainties. Furthermore, the computational
complexity of the ANN-MPC is lower compared to the
MPC, indicating that the ANN-MPC offers a more
computationally efficient solution for the HESS.

TABLE IV
COMPARISON BETWEEN MPC AND ANN-MPC ForR DC BUs
VOLTAGE
Parameter MPC ANN-MPC

Transient response Average 1549 ms  Average 12.65 ms
Average+4.96 V. Average £4.78 V

Better

Voltage overshoot
Robustness Average

Computational
complexity

The results indicate that the proposed ANN-MPC
offers comparable performance to the MPC while ex-
hibiting superior transient response and robustness
against input and output variations, thereby enhancing
overall system performance. Furthermore, the integra-
tion of ANN-MPC with virtual impedance droop con-
trol offers an effective solution for achieving power
sharing between the FC and batteries within the DC
microgrid under different load variations. The integra-
tion is achieved seamlessly, requiring no explicit
communication between the FC and the battery systems.
The utilization of the HESS becomes notably effective
in preventing power imbalance issues in the DC mi-
crogrid.

High Low

V. CONCLUSION

This study presents a novel approach which integrates
ANN-based MPC with a decentralized power sharing
strategy for HESS in DC microgrids. By employing
MPC as an expert to train the ANN, the proposed tech-
nique streamlines control processes and eliminates the

need for complex mathematical computations associ-
ated with conventional MPC methods. By developing
decentralized control scheme incorporating virtual re-
sistance droop control for FC and virtual capacitance
droop control for batteries, the HESS effectively man-
ages power sharing, extends system lifespan, and en-
sures stability. Simulation results confirm the efficacy
of the proposed controller, demonstrating smooth tran-
sient behavior. For future work, optimization techniques
can be explored to further enhance the capabilities of the
ANN-MPC, such as stochastic gradient descent with
momentum, adaptive gradient algorithm, and root mean
square propagation. Additionally, the optimized net-
work architecture can be obtained by adjusting the
number of layers, neurons per layer, and activation
functions, and by refining the learning process for even
greater computational efficiency.
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