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A B S T R A C T

This paper introduces an adaptive hierarchical control for an isolated microgrid cluster (IMGC) leveraging a real- 
time multi-objective particle swarm optimization (MOPSO) algorithm. It simultaneously considers CO2 emissions 
minimization as a tertiary control objective and total losses minimization as a primary control objective, inte
grating grid-supporting and grid-feeding inverters for MG interconnection. The effectiveness of the MOPSO- 
based hierarchical control is demonstrated across multiple scenarios. Compared to a hierarchical control 
based on proportional power distribution relative to the rated inverter capacities of the MGs, the proposed 
method shows a 27.21% reduction in total losses and a 7.66% reduction in CO2 emissions. When compared with 
an optimization based on the fmincon solver, the proposed approach achieves a 22.92% reduction in losses and a 
3.5% decrease in emissions. Additionally, centralized secondary control improves MRE indices by 100.09%, ITAE 
by 28.5%, ITSE by 43.78%, IAE by 30.61%, and ITSE by 47.72%, compared to the primary control strategy based 
on proportional approach. The MOPSO approach demonstrates robustness and flexibility, maintaining stable 
frequency and voltage within set thresholds during MG failures and sudden demand changes. Finally, the 
practical feasibility of the proposed approach is verified in a hardware-in-the-loop experimental setup using an 
OPAL-RT4512 unit and a dSPACE MicroLabBox. The experimental results, utilizing a time step of 50 µs, are 
consistent with the simulation outcomes, ensuring voltage and frequency control as its rated references.

1. Introduction

Isolated microgrid clusters (IMGC) represent a promising solution for 
providing energy in remote areas or those disconnected from the main 
power grid. These systems consist of several interconnected microgrids 
(MGs) that can operate autonomously or collectively, enhancing the 
stability and resilience of the isolated network [1]. In this context, 
voltage and frequency control is essential to ensure power quality, 

preventing fluctuations that could affect the operation of sensitive 
equipment, and ensuring a reliable supply [2].

Effective voltage and frequency control in an IMGC is complex due to 
the variability of renewable generation, limitations in storage capacity, 
and load fluctuations [3]. Generally, MGs that incorporate a high pro
portion of distributed energy resources (DERs) based on power con
verters exhibit low inertia characteristics, which increases their 
susceptibility to experiencing significant voltage and frequency 
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fluctuations following a disturbance [4]. Therefore, advanced and 
updated control algorithms are required to ensure stable and 
cost-effective operation. In light of these challenges, a dynamic control 
approach is necessary, capable of responding in real-time, minimizing 
fluctuations, and optimizing the performance of MG clusters (MGCs), 
thereby ensuring stable and reliable operation [5]. Real-time control 
capabilities are essential for IMGC due to the inherent variability and 
uncertainty of DERs, such as renewable generation and fluctuating 
loads. These technologies require continuous monitoring and quick 
response to maintain stability, ensure power quality, and prevent out
ages in the absence of a main grid connection [6]. Unlike grid-connected 
systems, isolated MGs cannot rely on external support for frequency and 
voltage regulation, making real-time control indispensable for dynami
cally balancing supply and demand [7]. Furthermore, real-time control 
enables effective management of energy storage systems (ESSs) and 
demand response strategies, optimizing operational efficiency and 
extending component lifespan under variable conditions [8]. Recent 
studies have demonstrated that implementing real-time control frame
works significantly enhances the resilience and reliability of IMGC, 
especially when integrating intermittent DERs [9]. Therefore, advancing 
real-time control approaches is critical to achieving sustainable, reliable, 
and autonomous operation of IMGC.

In this context, the hierarchical control structure becomes essential, 
as it effectively addresses different levels of control [10]. Primary con
trol in MGs is based on droop control [11]. However, this power-sharing 
method does not ensure the economic operation of the system. In [12], a 
hierarchical and distributed cooperative control strategy based on 
pinning was proposed for alternating current (AC) MGCs. To address the 
limitations of conventional droop control in power-sharing applications 
for capacitive-coupled inverters, authors in [13] proposed an innovative 
active-reactive power coupling strategy. It was examined how substan
tial coupling capacitance and the inherent decoupling in droop control 
significantly restricted the controllable power range, rendering its 
practical application challenging.

An adaptive active power droop controller and voltage setpoint 
control was developed in [14] for isolated MGs, focusing on optimizing 
frequency response and stability after disturbances. A similar study can 
be found in [15] where a centrifugal and gravitational search algorithm 
was used to address issues related to energy sharing with high inductive 
load, or in [16], where a controller based on droop and sliding mode was 
designed for energy sharing in an isolated direct current (DC) MG, uti
lizing an enhanced nonlinear droop model. In a higher level, the sec
ondary control complements the task of primary control to improve the 
power quality inside MGs and to enhance the system performance by 
removing the steady-state errors of the frequency and voltage [17]. The 
tertiary control is responsible for establishing the optimal power 
dispatch. Normally, this power dispatch is based on minimizing a cost 
function primarily related to operational costs, CO2 emissions, or effi
ciency [18]. A fully distributed hierarchical coordination controller was 
presented in [19], which minimized the global total generation cost in a 
DC MGC by managing the optimal power-sharing among them.

In isolated MGs, diesel generators often serve as distributed gener
ation units to compensate for the intermittency and variability inherent 
to DERs [20]. Authors in [21] addressed sustainability in isolated MGs 
by proposing an energy management system (EMS) based on model 
predictive control (MPC), specifically designed to minimize greenhouse 
gas emissions. The system prioritized the use of renewable ener
gy—primarily from a photovoltaic generator—while coordinating the 
operation of a diesel generator and a lithium-ion battery ESS (BESS). The 
study in [22] focused on reducing CO₂ emissions in isolated MGs 
through an optimized energy management approach. This approach 
controlled excess power generation and maximized renewable energy 
use, effectively minimizing reliance on conventional energy sources and 
leading to a substantial decrease in greenhouse gas emissions. The re
sults highlighted how careful system design and operation can signifi
cantly enhance the environmental sustainability of isolated MG systems. 

Similarly, the work in [23] presented an approach to reducing CO₂ 
emissions in islanded MGs by integrating DERs with optimized thermal 
and electrical ESSs, achieving nearly a 50% reduction. Despite 
employing carbon capture and storage, achieving emission reduction in 
a cost-competitive approach remained challenging, underscoring the 
need for strategies that simultaneously reduce both costs and emissions.

An adaptive distributed economic control was proposed in [24] for 
isolated MGs. This approach introduced a droop control based on mar
ginal costs and implemented adaptive consensus-based controllers to 
address storage capacity. Similarly, a distributed hierarchical control 
was implemented in [25] to minimize power losses in distribution, losses 
in the lines. The proposed control included a distributed gradient al
gorithm at the upper layer, consensus control at the secondary layer, and 
local droop control with a double-loop at the lower layer.

In IMGCs, minimizing both emissions and energy losses is essential to 
achieving a sustainable and resilient energy supply. Due to the absence 
of a main grid connection, any inefficiency in energy conversion or 
distribution directly impacts the system’s reliability and operational 
cost, especially when dispatchable generators such as diesel units are 
involved [26]. While reducing losses improves technical performance, it 
does not necessarily guarantee a low environmental impact. Conversely, 
focusing solely on emissions reduction may overlook operational in
efficiencies and compromise supply stability. Therefore, these two ob
jectives must be addressed simultaneously and in a coordinated manner 
[27]. This joint optimization is particularly relevant when integrating 
DERs with variable generation patterns, where maintaining a balance 
between clean energy use and system efficiency becomes more complex 
[28]. Moreover, the limited availability of fuel and logistical constraints 
in remote areas make it imperative to adopt strategies that reduce fuel 
consumption while ensuring high energy utilization efficiency. 
Furthermore, it is uncommon to achieve simultaneous improvements in 
both emissions’ reduction and loss minimization. Typically, enhancing 
one objective tends to compromise the other, due to inherent trade-offs 
in system operation and control strategies. For example, in [29], the cost 
associated with reducing emissions could be up to 250% higher.

Currently, granular ball computing (GBC) represents a promising 
computational paradigm aimed at improving optimization efficiency 
and adaptability in uncertain and data-rich contexts. Instead of relying 
on fixed-point representations, GBC employs adaptable granular regions 
that encapsulate local patterns and structural information, allowing for 
more scalable and flexible modeling of complex data distributions. 
Recent studies have extended the capabilities of GBC to address uncer
tainty and improve robustness in decision-making processes. For 
instance, in [30], a novel framework combining fuzzy rough sets and 
three-way decision theory was proposed to construct multilevel granular 
representations that dynamically adapt to data ambiguity. This method 
introduced a mechanism for distinguishing between confident and un
certain instances without relying on predefined risk thresholds, thereby 
enhancing classification under vague conditions. The proposed strategy 
further incorporated a sequential refinement of decisions and a criterion 
for selecting optimal granular spaces, enabling a more precise and 
resilient response to complex decision boundaries.

On the other hand, [31] explored the limitations of conventional 
granular-ball generation strategies in clustering applications, particu
larly those based on static thresholds or greedy heuristics. To overcome 
these issues, the authors proposed a method grounded in the principle of 
justifiable granularity. This method evaluated the quality of each 
granular ball using a metric that jointly considered its coverage and 
distinctiveness. This approach not only improved the alignment be
tween the granular structures and the intrinsic distribution of the data, 
but it also incorporated mechanisms for anomaly detection that 
enhanced the reliability of the resulting clusters. Experimental evidence 
confirmed that the method yielded superior clustering performance 
compared to existing granular-ball-based and classical clustering tech
niques. These developments highlighted the strong potential of GBC to 
support advanced optimization methods by incorporating adaptive, 
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data-driven mechanisms for managing uncertainty and structural com
plexity—offering valuable pathways for future improvements in 
population-based metaheuristics algorithms.

Current research on hierarchical control of IMGCs exhibits the 
following limitations. Firstly, the simultaneous optimization of costs and 
emissions throughout the hierarchical control structure is not usually 
considered, [19,24,25], leading to suboptimal solutions in terms of 
sustainability and economic efficiency. Furthermore, there is a lack of 
strategies that take CO2 emissions into account when distributing energy 
among MGs with different types of converters [32]. Additionally, there 
are not many simple and flexible methods available to minimize the 
total losses using droop control technique in IMGC [33]. Many control 
strategies lack real-time validation [34–36], which is essential to 
demonstrate their practical viability and computational efficiency.

In particular, references [34] and [35] introduced distributed hier
archical control strategies for AC MGCs. Their primary focus was on 
coordinating frequency and voltage regulation using iterative learning 
mechanisms, droop-based strategies, and sparse communication topol
ogies. These contributions were valuable for ensuring distributed regu
lation of active and reactive power under communication constraints. 
However, their control objectives were limited to maintaining power 
balance and system stability. In contrast, the proposed work goes a step 
further by introducing a hierarchical control architecture embedded 
with a multi-objective optimization layer. This layer explicitly addresses 
the minimization of CO₂ emissions and distribution losses—two con
flicting but highly relevant performance criteria in sustainable energy 
systems—objectives not considered in [34] and [35].

Moreover, while the strategies in [34] and [35] adopted layered 
control structures with pinning communication and time-scale separa
tion, they did not account for real-time optimization of power sharing 
between MGs based on environmental and efficiency trade-offs. The 
technique designed in this paper, however, not only integrates 
optimization-driven decision-making at the tertiary control level but 
also leverages both GS (grid supporting) and GF (grid feeding) inverters 
for enhanced dynamic adaptability. This dual-inverter scheme enables 
robust and flexible interconnection of multiple MGs, allowing for co
ordinated operation even under MG failure conditions—an aspect not 
explored in [34] and [35]. In addition, although the aforementioned 
studies addressed sparse or low-bandwidth communication scenarios, 
they did not consider the effects of communication delays or loss of 
connectivity. This work includes an explicit analysis validated through 
real-time hardware in the loop (HIL) experiments, offering a level of 
practical demonstration that exceeded the simulation-based assessments 
reported in those references.

Compared to [36], which focused on a two-layer energy manage
ment framework for a single islanded MG using inverse reinforcement 
learning and an improved alternating direction method of multipliers, 
the proposed method addresses a broader and more complex scenario. 
The strategy in [36] was designed for centralized scheduling within a 
single MG and did not consider coordination between multiple MGs or 
dynamic sharing of active power among them. Furthermore, [36] 
prioritized cost minimization and resilience to forecasting errors but did 
not incorporate conflicting environmental objectives into its formula
tion. Nor did it address system-level challenges such as dynamic coor
dination between different inverter types or the implications of real-time 
communication constraints.

Finally, there is a lack of detailed comparisons between different 
hierarchical control schemes, particularly regarding proportional en
ergy sharing based on emission factors and total losses of the MGC, 
making it challenging to assess the relative effectiveness of the proposed 
methods.

The proposed control scheme aims to address these key challenges by 
integrating a multi-objective optimization framework within the hier
archical control architecture. This framework simultaneously minimizes 
operational costs and CO2 emissions, thereby improving both economic 
and environmental performance. It incorporates an emission-aware 

energy distribution strategy among MGCs, ensuring that energy 
sharing decisions prioritize sustainability without compromising system 
cost. Moreover, the control method implements an enhanced droop 
control technique designed to reduce total network losses while main
taining simplicity and adaptability for practical deployment. To validate 
its effectiveness, the scheme has been tested in real-time simulation 
environments, demonstrating computational efficiency and robustness 
under dynamic operating conditions. Furthermore, by providing a 
comprehensive comparison with existing hierarchical controls—focus
ing on proportional-based power sharing—this work enables a clearer 
assessment of trade-offs and benefits, supporting informed decision- 
making in integrated MG control.

In light of the current limitations in research, this article presents the 
following contributions aimed at addressing the gaps identified in the 
existing literature: 

■ Design of an optimized hierarchical control for an IMGC based on GS 
and grid GF inverters in real-time, enabling the simultaneous opti
mization of costs and emissions through a multi-objective particle 
swarm optimization (MOPSO) algorithm within the hierarchical ar
chitecture. The tertiary control is responsible for distributing energy 
between the MG connected with a GF converter and the MGs con
nected with GSs converters, considering the CO2 emissions associ
ated with energy generation in each MG. The adaptive primary 
control optimizes the droop control coefficients while accounting for 
losses in transmission lines, filters, and power transformers to ach
ieve optimal power dispatch in the MGs. Moreover, a centralized 
secondary control is considered to correct voltage and frequency 
variations produced in the primary control.

■ Development of a system to quantify and minimize the losses of the 
MGC, demonstrating that it is possible to achieve this solely based on 
the droop control coefficients and the frequency values measured in 
the IMGC. This represents a simple and flexible method to be 
exported to another IMGC based on converters that apply the droop 
control technique, which is the most widely used technique in pri
mary control.

■ Real-time validation of the proposed control based on hardware-in- 
the-loop experimentation using an OPAL-RT4512 emulator and a 
dSPACE MicroLabBox controller. Simulations with dynamic loads 
were conducted in the MATLAB/Simulink environment and verified 
in real-time simulations, demonstrating the practical viability of the 
proposed control scheme and its computational effectiveness by 
being able to replicate in real time.

■ Comparison of the proposed MOPSO hierarchical control with a hi
erarchical control based on proportional energy distribution ac
cording to the emission factors of each MG, which implements a 
primary control based on proportional distribution according to the 
rated powers of the converters, thus eliminating the need for a sec
ondary control.

This paper is organized as follows: Section 2 describes the configu
ration of the IMGC based on GS and GF converters, along with their 
cascade control system. Section 3 introduces the MOPSO for optimized 
hierarchical control of the IMGC. Section 4 details the proportional hi
erarchical control for comparison with the control presented in Section 
3. Section 5 presents the results and discussions from MATLAB/Simulink 
simulations and experimental tests conducted in a real-time HIL envi
ronment. Finally, Section 6 summarizes the conclusions derived from 
this study.

2. Configuration of the IMGC

In islanded applications, one or more converters must be a GS 
inverter. This is crucial for maintaining voltage and frequency stability, 
compensating for the lack of a central grid. Usually, droop control is 
implemented in these scenarios. Nevertheless, these converters do not 
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directly control active or reactive power based on a preset reference. 
Therefore, GF inverters are designed to inject a specific amount of power 
into the IGMC.

In this paper, the two aforementioned inverter typologies are opti
mally combined. Fig. 1 illustrates the configuration of the proposed 
IMGC. Three MGs comprise the IMGC, two of them connected to GS 
inverters and a third connected to a GF inverter. Each converter outputs 
an AC voltage level of 480 V. To enhance the quality of the output signal 
and achieve a more stable and controlled voltage, an RLC filter is 
included. Finally, a step-up transformer raises the voltage from 480 V to 
600 V, along with a set of connection lines between the MGs and the 
common coupling point (PCC), where a set of dynamic loads are 
connected.

Fig. 2 depicts the cascade control scheme for the IMGC. To manage 
the operation of each MG, a local control strategy is implemented for 
each inverter, employing a cascade control approach. This method is 
frequently utilized in MG management because it enhances the precision 
of system control. By employing several controllers in a nested loop 
arrangement, straightforward linear control techniques can be applied, 
resulting in quicker response times and improved disturbance mitiga
tion. In the proposed IMGC, the cascade control framework consists of 
four controllers arranged sequentially for the GS inverters, while three 
controllers comprise the GF inverter control. The output of each 
controller serving as the input for the subsequent one.

For the two MGs connected through GS converters, the local control 
is composed of an optimized droop control, a current controller, a 
voltage controller and an inverter gates generator. The first controller 
employed is the droop control, where the frequency of each MG can be 
defined as follows: 

fi = fo,i + n,i
(
Po,i − Pi

)
(1) 

In this context, fi represents the frequency measured for each MG, 
while fo,i indicates the reference frequency. The droop control coeffi
cient is denoted as ni, Po,i signifies the power corresponding to the fre
quency fo,i, and Pi is the active power that has been measured. It is 
essential to recognize that the subscript i refers to each individual MG.

Following a similar approach, the output voltage from each MG can 
be derived from the subsequent equation: 

Vi = Vo,i − miQi (2) 

where Vi denotes the output voltage, Vo,i represents the reference 
voltage, mi is the coefficient for voltage droop control, and Qi indicates 
the measured reactive power. It is important to mention that for the 

voltage droop control scenario, Qo,i, is considered to be zero.
After determining the value of fi, the phase, wt, is calculated. This 

term is essential for transforming the sinusoidal current and voltage 
measurements (Iabc, Vabc) into the direct-quadrature coordinate system, 
resulting in V∗

d,V
∗
qand I∗d, I

∗
q. This transformation simplifies the applica

tion of PI controllers. The voltage control system is tasked with modi
fying the measured values of Vd, Vq to align with the desired targets 
obtained from Eq. (2). A PI controller is employed to minimize the 
discrepancy between the actual and target values, Vd, Vq and V∗

d, V∗
q. 

Consequently, the output from each PI controller provides the reference 
current values for the converters, denoted as I∗d, I

∗
q.

The current control loop is designed to align the measured values of 
Id, Iq with the previously determined reference values. A PI controller is 
utilized to minimize the error between the actual currents and the 
reference currents, Id, Iq compared to I∗d, I

∗
q. The output from these PI 

controllers is labelled as vd,i and vq,i, representing the voltage values that 
each GS inverter must regulate. Since the ‘d’ and ‘q’ components are 
interdependent, decoupling of the axes is essential. This is accomplished 
through feedforward decoupling, which computes the control compo
nents of the converter as Vd,con, and Vq,con. The PWM block generates the 
triggering signals for the IGBTs of the GS inverter, enabling control over 
voltage and frequency in accordance with the optimized droop control 
strategy illustrated in Fig. 2.

For the MG connected through a GF inverter, the cascade control 
approach is modified. Initially, these converters must achieve precise 
synchronization with the AC voltage at the connection point. Usually, 
this is achieved by utilizing a synchronization algorithm such as a phase- 
locked loop (PLL) to accurately deliver active and reactive power. The 
PLL transforms the three-phase voltage waveforms from the reference 
frame into a rotating dq0 reference frame via the Park transformation.

Secondly, the droop control and the voltage controller are replaced 
by a power controller. In this context, the reference values of active and 
reactive power (P and Q) are divided by the measured values of Vd to 
generate the reference currents I∗d, I∗q, which are then utilized in the 
current control loop. The remainder of the cascaded control scheme is 
identical to that used for the GS inverter.

3. MOPSO hierarchical control

3.1. Hierarchical control scheme

This section describes the proposed MOPSO for the IMGC. Unlike 
other works, a control architecture is implemented in real time, which 

Fig. 1. Configuration of the IMGC under study.
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evaluates the distribution of energy among the MGs connected through 
GS inverters and the MG connected through the GF inverter, based on 
the CO2 emissions associated with each MG. Furthermore, it presents 
how the droop control coefficients can be effectively adapted to achieve 
an optimal power dispatch that minimizes total losses.

Fig. 3 illustrates the optimized hierarchical control scheme based on 
MOPSO. Starting from a top-down structure, the tertiary control is 
responsible for distributing energy among the MGs. Since the power to 
be generated is directly controlled in the MG connected through a GF 
inverter, the power dispatch can be expressed as follows: 

PLOAD = PMG,1− 2 + PMG, 3 (3) 

where PLOAD refers to the total active power demand, PMG,1− 2 is the 
active power that must be generated by the MGs connected through GS 
inverters, and PMG, 3 represents the active power that must be generated 
by the MG connected through the GF inverter.

To simplify the notation, subscripts 1 and 2 are used for the MGs 
connected with GS inverters, while subscript 3 denotes the MG con
nected through a GF inverter. Once the value of P 3 has been obtained, 

the pulses of the GF inverter are generated as detailed in Section 2, in 
order to manage the power indicated by the tertiary control.

In the case of GS inverters, the remaining power needed to meet the 
demand is optimally controlled indirectly through the droop control 
coefficients at the primary control level. The MOPSO is responsible for 
generating the optimal values of the droop coefficients that minimize the 
cost function, as detailed in Section 3.2. The primary control responds 
quickly and in a decentralized manner to maintain the immediate sta
bility of the IMGC. However, due to disturbances caused by variations in 
demand, the frequency and voltage values deviate from their nominal 
levels. This is why a centralized secondary control is implemented in this 
paper to re-adjust these deviations back to the rated values. Two inde
pendent PI controllers are responsible for adjusting the error between 
the measured values of frequency 

(
fmeas

)
and voltage (Vmeas), and the 

rated values of these parameters for the IMGC, fnom and Vnom. The terms 
fo and Vo refer to the adjustments made by the secondary control to 
ensure that the frequency and voltage of the IMGC remain at their 
nominal values. Once the values of fi and Vi have been obtained, the 
cascaded voltage and current control loops generate the pulses for the 
GS inverters, thereby producing the necessary power to complete the 

Fig. 2. IMGC local control scheme.

Fig. 3. MOPSO hierarchical control architecture.
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power balance.

3.2. MOPSO optimization

This section outlines the formulation of the MOPSO to simulta
neously optimize emissions and costs. The multi-objective function is 
expressed as: 

M.O.F = min (w1⋅OF1 +w2⋅OF2) (4) 

where OF1 denotes the objective function employed to calculate the CO2 
emissions associated with the generation of MG, and OF2 represents the 
function that expresses the operational costs of each MG. The weights w1 
and w2 are used to consider each objective function within the multi- 
objective optimization. The emission optimization is used to allocate 
energy between MG1− 2 and MG3. Subsequently, the cost optimization is 
applied to adjust the droop control coefficients and reduce losses within 
the IMGC. This approach enables a reduction in operational costs by 
minimizing energy generation losses.

According with [37], CO2 emissions can be expressed as a cubic 
function of the power delivered by each MG as: 

OF1 =
∑n

i=1
Ei⋅
(
a⋅P3

i + b⋅P2
i + c⋅Pi +d

)
(5) 

where Ei is a factor that defines the CO2 emissions for each MG, Pi refers 
to the generation of each MG, and a, b, c, and d, are constant values that 
define the equivalent CO2 emissions for the DERs of each MG. These 
values are obtained from [38,39].

Since the main objective of this function is to allocate energy among 
the MGs, two constraints must be satisfied simultaneously. First, Eq. (3)
must be fulfilled to ensure demand is met. Moreover, the power of the 
MGs is constrained between 0 and the inverter’s rated power to ensure 
operation under safe nominal conditions. MG1 has a rated power of 500 
kW, MG2 presents a rated power of 250 kW and MG3 has a rated power 
of 300 kW.

The function OF2 denotes the operational costs of the MGs that 
operate with GS inverters. This article proposes an approach that allows 
for the optimization of the total losses in the IMGC, not just the losses in 
the transmission lines, as previous works [40]. To achieve this, this work 
demonstrates that solely adapting the droop coefficients allows for 
maintaining voltage and frequency values within the established 
thresholds.

Eq. (6) shows the operating cost objective function: 

OF2 =
∑n

i=1
CiPi + CLOS,iPLOS,i (6) 

where Ci represents the MG operating cost, CLOS refers to the expenses 
associated with the losses, and PLOS accounts for the total losses within 
the IMGC. These losses include those occurring in the lines, filters, and 
transformers.

As indicated by Eq. (1), the MG output power depends on the fre
quency and droop coefficients. Therefore, the term Po,i can be written as: 

Po,i = Pf ,max +
fmax − fnom

ni
(7) 

where Pf ,max is the power at the highest frequency, and fmax is the highest 
allowable frequency.

By assigning a value of 0 to Pf ,max and setting fnom = 1 pu, Pi can be 
derived using Eqs. (1) and (7) as: 

Pi =
fmax − 1 + fo,i − fi

ni
(8) 

The losses 
(
PLOS,i) are given as follows: 

PLOS,i = 3I2
i Ri Ii =

Pi
̅̅̅
3

√
Vicosφi

(9) 

where Ii represents the current flowing through each MG, Riindicates the 
total losses and cosφi denotes the power factor.

By integrating Eqs. (7)-(9), Eq. (6) can be formulated in terms of f 
and ni. Particularizing for the case study in this paper, it can be 
expressed as: 

OF2 = C1

(
fmax − 1 + fo,1 − f1

n1

)

+ C2

(
fmax − 1 + fo,2 − f2

n2

)

+ CLOS,1

(

3

((
fmax − 1 + fo,1 − f1

n1
̅̅̅
3

√
V1cosφ1

)2
)

R1

)

+ CLOS,2

(

3

((
fmax − 1 + fo,2 − f2

n2
̅̅̅
3

√
V2cosφ2

)2
)

R2

)

(10) 

Moreover, the constraints that must be met to adequately satisfy the 
OF2 are expressed as follows: 

ni ∈ [lb, ub]P1 + P2 = PMG,1− 2 + PLOS,1 + PLOS,2 (11) 

where lb, ub denote the lower and upper thresholds for the droop co
efficients.

Moreover, the power balance must be maintained, where MG1 and 
MG2 must supply the power assigned by the tertiary control, considering 
the total system losses. By adapting the droop coefficients in real-time, it 
is possible to indirectly control the power of the GS inverters.

As a result, the objective function for operational costs depends 
exclusively on the droop control coefficients and frequency. By effec
tively adapting these coefficients, it is possible to significantly minimize 
energy losses, as represented by the third and fourth summands of Eq. 
(10), leading to a reduction in operational expenses. This approach 
enables loss optimization in a IMGC by knowing the resistance values, 
the thresholds at which frequency control is desired, and the unit 
operating costs of each MG. These are general measurements that are 
accessible in any MGC, making the proposed method a flexible and 
easily reproducible approach for losses optimization studies.

One of the main strengths of the proposed approach lies in its 
inherent scalability to larger IMGCs. This is enabled by the general 
structure of both the objective function (Eq. (10)) and the constraints 
(Eq. (11)), which were designed to be modular and easily extendable. 
Specifically, integrating additional MGs into the cluster results in new 
terms in the total equivalent emissions Eq. (5) and equivalent resistance 
(which denotes the total losses), as well as additional droop control 
coefficients in Eq. (10). This structure allows the optimization frame
work to expand proportionally with the number of MGs, without 
requiring fundamental reformulation. Importantly, the objective func
tion is based on global indicators such as voltage and frequency de
viations, which remain valid and effective even as the system scales. 
Because operational costs and power losses are strongly linked to each 
MG’s droop coefficient, the control strategy maintains its performance 
and interpretability as the system grows. Therefore, the proposed 
method ensures computational feasibility and optimization consistency 
when applied to more complex IMGCs.

In this paper, the particle swarm optimization (PSO) algorithm is 
employed to solve the previously described optimization problem. The 
PSO algorithm offers various advantages that distinguish it in the field of 
optimization methods. Unlike other algorithms, PSO does not depend on 
the derivatives of the objective function, such as the gradient method 
[41], or Lagrange optimization [12], which makes it an effective algo
rithm for tackling nonlinear or discontinuous problems.

Furthermore, the population-based characteristic of PSO allows for a 
thorough exploration of the solution space, thus minimizing the risk of 
converging to local minima [42]. Another significant advantage of PSO 
is its ability to achieve rapid convergence to optimal solutions, which is 
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particularly valuable when addressing high-dimensional problems.
PSO algorithm is a metaheuristic algorithm based on the collective 

behaviour of a group of particles that explore the solution space. Each 
particle adjusts its position based on its own experience and that of its 
neighbours, seeking the best solution according to a fitness criterion. 
The position of each particle at any given time is given by: 

x (k+1) = x(k) + v(k+1) (12) 

where x denotes the position of each particle at an instant k, and v de
notes the velocity of each particle. 

v(k+ 1) = w⋅vk + r1c1
(
xpbest

k − xk) + r2c2

(
gpbest

k − xk
)

(13) 

The inertia factor is defined as w. Moreover, ri represents stochastic 
random coefficients that range between 0 and 1, c1 denotes the cognitive 
acceleration coefficient, c2 illustrates the social acceleration coefficient, 
xpbest indicates the best position achieved by the particle up to the current 
iteration and xpbest is the global best position. It is important to note that 
the superscript k refers to the current iteration: 

w(k) =
wmax − wmin

niter
(14) 

where wmax is the maximum inertia factor, wmin is the minimum inertia 
factor, and niter is the number of iterations.

The MOPSO algorithm implemented in this work incorporates a 
dynamic balance between exploration and exploitation through the 
adaptive adjustment of the inertia weight parameter during the opti
mization process. At early iterations, a higher inertia weight promotes 
extensive exploration of the solution space, enabling the swarm to avoid 
premature convergence on suboptimal local minima by broadly sam
pling diverse regions. As the search progresses, the inertia weight is 
gradually decreased to enhance exploitation capabilities, allowing par
ticles to intensify the search around promising areas identified during 
exploration.

This inertia weight scheduling is critical in mitigating the risk of 
stagnation in local minima, as it prevents particles from becoming 
trapped too early in limited regions of the search space. Furthermore, 
the collective social and cognitive components of the particle velocity 
update ensure that particles are simultaneously influenced by both their 
individual historical best solutions and the global best solution found by 
the swarm. This fosters diverse search trajectories and preventing 
convergence to isolated local optima. Hence, the combination of adap
tive inertia weighting and the dual social-cognitive guidance mecha
nisms within the MOPSO framework enhances the algorithm’s ability to 
effectively navigate complex, multimodal solution spaces, reducing the 
likelihood of convergence to local minima and improving the robustness 
and quality of the optimal solutions

The MOPSO algorithm applied in this work was configured with 
parameter values adapted from commonly accepted ranges in the liter
ature. This ensures robust convergence and a balance between explo
ration and exploitation. Table 1 summarizes the main parameters. 
Specifically, the inertia weight was linearly decreased from an initial 
value of wmax= 0.896 to a final value of wmin= 0.800. This gradual shift 
moves the swarm behavior from exploration to exploitation. The 
cognitive and social acceleration coefficients were set to c1=0.95 and 

c2 =0.85, respectively, to maintain a stable balance between individual 
and collective learning during the search process.

These parameter values aling with the recommendations reported by 
[43], whose study on multi-objective PSO demonstrated stable conver
gence behavior and effective solution diversity in complex engineering 
problems. In this work, the number of particles and the number of it
erations were set to 30 and 150, respectively. This selection ensures a 
trade-off between exploration capacity and computational speed. These 
values were selected specifically to meet the real-time constraints 
imposed of the control architecture, which operates with a very short 
sampling interval of 50 micro-seconds. Therefore, the algorithm must 
reach a satisfactory solution within computational feasibility [44].

One of the key challenges in multi-objective optimization design is 
the appropriate selection of weighting factors for each control objective. 
In this work, a graphical approach was used to support the weight se
lection, as shown in Fig. 4. Fig. 4a depicts how OF1, representing 
emissions, evolves with respect to the weights w1 and w2. Simulta
neously Fig. 4b represents the variation of OF2, illustrating power losses, 
under the same weighting combinations. Moreover, Fig. 4 includes all 
possible combinations of w1and w₂ that satisfy the constraint w1+ w2 =

1, thereby ensuring that both objectives are considered concurrently.
From the plot in Fig. 4a, it can be observed that when w1= 1 and w2=

0, the optimization focuses entirely on minimizing emissions, leading to 
the lowest possible value of OF1. As w1 decreases and w2 increases, the 
influence of emissions on the optimization gradually reduces in favor of 
minimizing losses. For instance, at w1= 0 and w2= 1, the optimization is 
fully oriented towards reducing OF2, achieving its lowest possible value.

Similarly, Fig. 4b illustrates the inverse behavior for OF2. When w2 =

1, losses are minimized. As w2 decreases and w1 increases, losses become 
less prioritized, resulting in higher OF2 values while emissions are 
progressively minimized. This symmetrical behavior across both figures 
clearly highlights the trade-off between the two objectives as a function 
of the assigned weights.

This analysis offers compelling evidence of how variation in w1 and 
w2 directly affects the outcome of the multi-objective optimization. 
Therefore, to achieve a fair compromise without favoring one objective 
over the other, and based on the graphical sensitivity study performed, 
equal weighting factors of w1= 0.5 and w2= 0.5 were adopted. This 
balanced choice ensures that both objectives are simultaneously opti
mized, leading to a well-balanced solution where neither function is 
prioritized.

Beyond the sensitivity analysis of selected weighting factors, it is 
essential in multi-objective optimization to explicitly depict the Pareto- 
optimal front. This reveals the inherent trade-offs between the con
flicting objectives of CO₂ emissions and power losses. Accordingly, a 
systematic sweep of the objective function weights w1 and w2, con
strained by w1+w2=1, was performed to generate the Pareto front 
presented in Fig. 5. In Fig. 5, the X-axis represents the calculated CO₂ 
emissions function, while the Y-axis corresponds to the associated power 
losses function for each evaluated weight combination.

Each point on the curve represents a distinct solution, obtained by 
prioritizing emissions or losses to a different extent. The resulting trend 
confirms the Pareto-optimal nature of the solutions: any improvement in 
one objective—such as reducing losses—leads unavoidably to a deteri
oration in the other—such as increased emissions. For example, shifting 
from weights (0.3,0.7) to (0.2,0.8) reduces the losses objective at the 
cost of higher emissions, clearly illustrating the necessary compromise 
between criteria. The concave shape and monotonic behavior of the 
curve in Fig. 5 provide clear empirical evidence of this trade-off, vali
dating that the set of solutions lies on the Pareto front. This graphical 
representation enhances the decision-making process, allowing for the 
selection of operating points aligned with specific regulatory, environ
mental, or operational priorities.

Furthermore, to empirically assess the complexity of the proposed 
MOPSO-based optimization strategy, a comprehensive scalability anal
ysis has been conducted by progressively increasing the number of MGs 

Table 1 
MOPSO parameters.

Symbol Parameter Value

wmax Maximum inertia weight 0.896
wmin Minimum inertia weight 0.8
c1 Cognitive acceleration coefficient 0.95
c2 Social acceleration coefficient 0.85
np Number of particles 30
niter Number of iterations 150
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(n) in the MGC, from the baseline case of n=3 MGs (as proposed in this 
work) up to n=10 MGs. For each configuration, the number of iterations 
required to achieve convergence of the multi-objective function was 
recorded. The results are presented in Fig. 6, where each subfigure 
corresponds to a different MGC size.

In the case of 3 MGs (Fig. 6a), the optimization algorithm converges 
within 20 iterations. As the number of MGs increases, a consistent rise in 
the number of iterations is observed: for 4 MGs (Fig. 6b), convergence is 
achieved in 26 iterations; for 6 MGs (Fig. 6d), 57 iterations are required; 
and for 9 MGs (Fig. 6g), the process takes 71 iterations. The most 
computationally intensive scenario analyzed, with 10 MGs (Fig. 6h), 
requires up to 100 iterations to reach convergence.

This behavior is a direct result of the increasing dimensionality and 
complexity of the optimization problem. As more MGs are integrated 
into the MGC, the number of decision variables—primarily the droop 
control coefficients for each MG—increases linearly. Simultaneously, 
the optimization must satisfy a growing set of power balance constraints 
and ensure coordination among MGs that meets both global objectives 
(e.g., emissions minimization, power loss reduction) and local opera
tional constraints. This significantly expands the search space, thereby 
increasing the computational effort required by the MOPSO algorithm to 
adequately explore the optimal solution.

Moreover, the presence of conflicting objectives in high-dimensional 
systems amplifies the difficulty of finding well-balanced multi-objective 
solutions, especially as interactions between MGs becomes more 

coupled. Consequently, both the number of iterations and the compu
tation time per iteration increase, reflecting the empirical complexity 
introduced by larger MGC configurations.

4. Proportional hierarchical control benchmark

In this section, a hierarchical control based on a proportional power 
allocation approach is presented, serving as a benchmark to compare 
with the hierarchical control based on MOPSO proposed in this paper. 
The proportional tertiary control is based on allocation factors that 
consider the emissions of each MG. These factors are used to determine 
an initial distribution of the total power (PTOTAL) proportionally to the 
inverse of the emissions: 

α =
E3

E1− 2 + E3
β =

E1− 2

E1− 2 + E3
(15) 

where α represents the allocation factor associated with MG1− 2 and β is 
the allocation factor associated with MG3.

Once the allocation factors have been calculated, the power is 
assigned to each MG according to: 

PMG,1− 2 = PTOTAL⋅α PMG,3 = PTOTAL⋅β (16) 

To ensure proper operation, a minimum operating limit of each MG 
is set at 10% of its nominal power to meet the demand. The allocation 
ensures that the rated operating limits of each inverter are not exceeded.

Secondly, a droop control based on proportional allocation is 
adapted. This approach eliminates the need for a supervisory secondary 
control. The proportional allocation-based on droop control relies on 
adjusting the droop coefficients according to the nominal power of the 
converters, ensuring that they always operate at the operating point 
defined as (fo, Po).

The power received by each MG is distributed according to: 

Po,1 = P1 = PMG,1− 2⋅
1

(

1 −
Prated

2
Prated

1

) Po,2 = P2 = PMG,1− 2⋅
1

(

1 −
Prated

1
Prated

2

) (17) 

The power to be delivered by each MG connected to a GS inverter is 
controlled to match the power Po. To this end, the droop control coef
ficient can be determined from the following expression: 

ni =
fmax − fo,i

Po,i
(18) 

By grouping Eq. (18) into Eq. (1), the following expression is 
obtained: 

Fig. 4. Sensitivity analysis of MOPSO weighting factors: (a) Emissions as a function of w1 and w2, and (b) Power losses as a function of w1 and w2.

Fig. 5. Pareto-optimal solution between CO₂ emissions and power losses.
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fi = fo,i +
fmax − fo,i

Po,i

(
Po,i − Pi

)
= fo,i (19) 

The designed proportional droop control demonstrates that by 

adjusting the value of ni according to Eq. (18), it is possible to establish 
an operation such that the output frequency fi=fo,i. This implies that the 
droop control adjusts proportionally to variations in the power managed 
by the converter, ensuring that it operates at fo,i under any condition. 

Fig. 6. MOPSO convergence against MGs counts: (a) 3 MGs, (b) 4 MGs, (c) 5 MGs, (d) 6 MGs, (e) 7 MGs, (f) 8 MGs, (g) 9 MGs and (h) 10 MGs.
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Therefore, the need to implement a secondary control to restore the 
values of fi is avoided.

5. Results and discussion

5.1. MOPSO general performance

This section presents the results of MOPSO-based hierarchical con
trol in different scenarios. First, Section 5.1 outlines the general opera
tion of MOPSO under dynamic variations of active and reactive power. 
Section 5.2 compares the results of the proposed hierarchical control 
with the hierarchical benchmark control introduced in Section 4. Sec
tion 5.3 examines the system operation under fault conditions, demon
strating the stability of the system when one MGs is disconnected from 
the IMGC. Finally, to validate the practical feasibility of the proposed 
approach, Section 5.4 presents real-time HIL tests, which corroborate 
the results obtained from MATLAB/Simulink simulations. To assess the 
computational performance of the proposed MOPSO algorithm, all 
simulations were conducted using MATLAB/Simulink R2022a. The 
simulations ran on a desktop computer featuring an AMD Ryzen 7 7700 
× 8-core processor (4.50 GHz), 64.0 GB of RAM, and Windows 11 En
terprise. A discrete solver with a fixed time step of 50 micro-seconds was 
employed. Under these conditions, simulating an 1800-second scenario 
took 30 minutes, demonstrating the computational efficiency of the 
proposed approach. This level of computational feasibility also validates 
the suitability of the proposed MOPSO scheme for real-time applica
tions, as was evidenced by the HIL implementation in OPAL-RT4512 and 
dSPACE MicroLabBox. The figures are presented on a time scale in 
seconds, with 300 s intervals, to appropriately represent the different 
operating scenarios.

A simulation time step of 50 µs was employed across all scenarios to 
ensure an accurate representation of the IMGC’s fast dynamic behavior. 
In this context, both the controller execution and the runtime of the 
embedded optimization algorithm were completed within the same 50 
µs step on the HIL platform, ensuring true real-time operation of the 
entire control loop. This resolution is necessary to properly capture the 
high-frequency switching of the inverters, their modulation strategies, 
and the rapid transients involved in power sharing and IMGC dynamics 
[45]. In particular, the selected time step allows the model to reflect the 
instantaneous effects of the droop-based control and the response of the 
GS and GF inverters under varying load and generation conditions. 

Moreover, maintaining a uniform step size across all simulation stage
s—including normal operation and fault-mode scenarios—ensures nu
merical stability and consistency, which are essential for both offline 
analysis and real-time HIL validation.

Fig. 7 shows a simulation of 1800 s, considering multiple dynamic 
variations of the active and reactive power demanded. Fig. 7a illustrates 
the values of active (PPCC) and reactive (QPCC) power measured at the 
PCC. PPCC varies between 250 and 800 kW, while QPCC is between 0 and 
100 kVAr. Fig. 7b and Fig. 7c depict the frequency and voltage of the 
IMGC measured at the PCC. The IMGC parameters are presented in 
Table 2.

It can be seen that when the load is kept constant, the frequency 
remains stable at 60 Hz and the voltage at 600 V. As the active power 
demand increases at 300 s, from 374 kW to 574 kW, both the frequency 
and voltage exhibit minor oscillations but quickly stabilize, demon
strating effective control under the system disturbance. Similarly, a 
sharp decrease in the demand at 700 s, from 780 kW to 475 kW, results 
in stable frequency. At 800 s, QPCC rises to 90 kVAr, and decreases to 30 
kVAr at 1140 s, while frequency and voltage remain stable.

A more challenging disturbance for the IMGC occurs at 1500s, when 
the demand abruptly decreases from 575 kW to 224 kW. This sudden 
reduction in demand causes a transient increase in both frequency and 
voltage. As shown in Fig. 5b and Fig. 5c, the maximum frequency and 
voltage reach 60.14 Hz, and 616.7 V, respectively. These values remain 

Fig. 7. IMGC measurements: (a) Active power (PPCC), reactive power (QPCC), (b) IGMC frequency and (c) IGMC voltage.

Table 2 
IMGC parameters.

Symbol Parameter Unit Symbol Parameter Unit

Vnom Rated voltage 600 V np PSO number of 
particles

30

fnom Rated frequency 60 Hz niter PSO number of 
iterations

150

Lf ,Rf Filter 
parameters

1.08 
mΩ +
1.08 
mH

lb ,ub Droop 
coefficients 
thresholds

[0.01, 
0.08]

C Filter 
capacitance

184 µF fmin , fmax Frequency 
range

[59.7, 
60.3] 
Hz

ZLINE Transmission 
line parameters

5 mΩ 
+1 mH

Vmin,

Vmax

Voltage range [576, 
624] V
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within the specified limits of 60.3 Hz and 624 V.
Fig. 8a illustrates the active power distribution between MG1− 2 

(PMG,1− 2) and MG3 (PMG,3) to minimize CO2 emissions while meeting the 
demand. Fig. 8b shows the optimal droop coefficients for MG1 

(
n1,opt

)

and for MG2 (n2,opt). Fig. 8c and Fig. 8d depict the active (Pi) and reactive 
(Qi) powers of each MG, respectively. Throughout the simulation, it can 
be seen that the power sharing between the MGs is done in such a way 
that PMG,1− 2 > PMG,3. This is primarily due to the higher maximum ca
pacity of PMG,1− 2 (750 kW) compared to the maximum capacity of 
PMG,3 (300 kW), which is necessary to meet the total demand. Moreover, 
the emissions associated with each MG play a crucial role in optimally 
allocating how energy should be distributed to meet demand and 
minimise emissions.

For instance, at the beginning of the simulation (up to 300 s), when 
PPCC = 374 kW, the power distribution is PMG,1− 2=214 kW and PMG,3 =

160 kW. Similarly, around 1500s, with PPCC = 224 kW, the distribution 
becomes PMG,1− 2 = 128 kW, and PMG,3 = 96kW, proving that the de
mand is adequately met. In the first scenario, where PMG,1− 2 = 214 kW, 
MOPSO assigns the optimal droop control coefficients of n1,opt = 4.5 % 
and n2,opt = 4.9 %. Therefore, P1 = 113 kW and P2 =101 kW.

For the second scenario, with PMG,1− 2 = 128 kW, the assigned droop 
control coefficients are n1,opt = 7.5 % and n2,opt = 8 %, resulting in P1 =

66 kW and P2 = 62 kW. The power allocation is found to be adequate to 
meet the demand. As further demonstrated in Section 5.2, this allocation 
is optimal in terms of reducing CO2 emissions and total losses within the 
IMGC. Regarding reactive power sharing, Q3 is maintained at 0 kVAr 
throughout the simulation. The reactive power demand starts at 800s. 
Previously, Q1 and Q2 are adjusted to satisfy the reactive power con
sumption of the transmission lines between MGs, filters and 
transformers.

Fig. 9a and Fig. 9b depict the results of the optimal CO2 emissions 
and total losses of the IMGC, respectively. The average values of emis
sions (Eopt

avg) and losses (Popt
avg) are found to be 8.29 tons of CO2 and 1.47 

kW, respectively.
Finally, to quantitatively evaluate the stability margins of the pro

posed MOPSO-based control strategy, a detailed convergence analysis 
under varying load conditions and failure scenarios are presented in 
Table 3. To this end, ramp load variations are incorporated into the 

power dispatch scenario analyzed in Fig. 7, using a ramp rate of 50 
seconds. This assessment considers fluctuations in power demand 
ranging from 225 kW to 774 kW, encompassing a representative spec
trum from low to high-load scenarios. Moreover, the failure scenario is 
based on the sudden disconnection of one MG (as further discussed in 
section 5.3). This analysis includes abrupt demand changes, which pose 
a more challenging problem for control stability. The stability evalua
tion was conducted by calculating critical frequency regulation param
eters, including overshoot, settling time, and standard performance 
indices such as mean relative error (MRE), integral time absolute error 
(ITAE), integral time squared error (ITSE), integral absolute error (IAE), 
and integral squared error (ISE) during the transient response to load 
disturbances.

The results highlight a fast dynamic response, with an average 
settling time of 25.3 seconds. The maximum observed overshoot was 
limited to 60.16 Hz, while the minimum remained above 59.98 Hz, 
confirming the controller’s ability to maintain frequency deviations 
within a narrow and safe band even under abrupt load changes. More
over, the performance indices further validate the controller’s effec
tiveness: the mean MRE was as low as 4.51⋅10⁻⁹, the average ITAE was 
53.78, the mean ITSE reached 3.46⋅10⁻¹, while the IAE and ISE averaged 
5.79⋅10⁻² and 1.88⋅10⁻³, respectively. Regarding the failure scenario, the 
metrics evidenced a maximum overshoot of 59.79 Hz, with a minimum 
settling time of 0.361 s, 1.21⋅10-6 MRE, 0.228 ITAE, 2.29 ⋅ 10⁻² ITSE, 
1.51 ⋅ 10⁻² IAE and 1.51 ⋅ 10-3 ISE. These values collectively demon
strate that the MOPSO-based controller exhibits minimal error and 
excellent transient behavior. The combination of fast convergence, 
bounded overshoot, and low error metrics provides strong evidence that 
the proposed optimization-based controller is not only stable but also 
highly robust across a wide range of operating conditions.

5.2. Hierarchical proportional control

This section compares the results of the MOPSO with a proportional 
hierarchical control based on the emission factors of each MG and the 
nominal powers of their converters.

Fig. 10a shows the results for the proportional hierarchical control. A 
30 s scenario is considered, with time intervals of 5 s. In the first sce
nario, PMG,1− 2 = 236 kW, and PMG,3=138 kW, satisfying the demand of 

Fig. 8. MGs measurements: (a) Power distribution between MG1− 2 (PMG,1− 2) and MG3 (PMG,3), (b) droop control optimal coefficients, (c) MGs active power (Pi), and 
(d) MGs reactive power (Qi).
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Fig. 9. Objective functions for MOPSO hierarchical control: (a) CO2 emissions, (b) power losses.

Table 3 
MOPSO control rate of convergence post-disturbance.

Time (s) - Scenario Load (kW) Frequency overshoot (Hz) Settling time MRE ITAE ITSE IAE ISE

[250,280.04] [374-574] 59.98 30.04 1.24⋅10-8 16.11 6.31 10⁻² 6.07 ⋅ 10⁻² 2.37 ⋅ 10⁻⁴
[500,520.6] [574-774] 59.96 20.6 5.27⋅10-9 20.13 7.14 ⋅ 10⁻² 3.95 ⋅ 10⁻² 1.40 ⋅ 10⁻⁴
[750,779] [774-474] 60,017 29 1.40⋅10-8 44.38 1.43 ⋅ 10⁻¹ 5.81 ⋅ 10⁻² 1.87 ⋅ 10⁻⁴
[1000,1029.7] [474-674] 59.975 29.7 8.66⋅10-9 75.02 3.33 ⋅ 10⁻¹ 7.40 ⋅ 10⁻² 3.29 ⋅ 10⁻⁴
[1250,1262.5] [674-574] 59.974 12,5 2.38⋅10-9 33.19 1.28 ⋅ 10⁻¹ 2.64 ⋅ 10⁻² 1.03 ⋅ 10⁻⁴
[1500,1530] [575-225] 60.16 30 1.61⋅10-9 133.9 1.34 8.85 ⋅ 10⁻² 8.89 ⋅ 10⁻⁴
Fault sccenario 375 kW 59.79 0.361 1.21⋅10-6 0.228 2.29 ⋅ 10⁻² 1.51 ⋅ 10⁻² 1.51 ⋅ 10⁻3

Fig. 10. Proportional hierarchical control results: (a). Power distribution between MG1− 2 (PMG,1− 2) and MG3 (PMG,3), (b) droop control optimal coefficients, (c) MGs 
active power (Pi), and (d) MGs reactive power (Qi), (e) frequency at PCC, (f) voltage at PCC, (g) CO2 emissions and (h) power losses.
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374 kW. In the second scenario, around 1500s, PMG,1− 2=141 kW and 
PMG,3=83 kW, totalling 224 kW. Fig. 10b illustrates the droop control 
coefficients for proportional power sharing. In this approach, to main
tain the IMGC frequency at fi=60 Hz, n1 and n2 are set equal, ensuring 
proportional power variations for each MG in response to changes in the 
droop coefficients. Consequently, for PMG,1− 2 = 236 kW, the droop 
control coefficients are set to n1 = 1.5 % and n2 = 1.5 %, resulting in P1 
= 157 kW and P2 = 79 kW, as shown in Fig. 10c. Despite identical droop 
coefficients, the power delivered by each one differs due to their 
different rated capacities. In the second scenario, with the droop control 
coefficients set to n1= 2.6 % and n2 = 2.6 %, the power values are P1 =

94 kW and P2 = 47 kW. Fig. 10d illustrates the reactive power values, 
where Q3 is maintained at 0 kVAr and effectively responds to demand 
variations.

Fig. 10e and Fig. 10f represent the frequency and voltage values for 
the proportional hierarchical control, which are effectively controlled at 
60 Hz and 600 V, respectively. Notably, this configuration does not 
employ a secondary supervisory frequency control. Nevertheless, the 
control strategy demonstrates an adequate response to abrupt demand 
variations at 1500s, with a maximum frequency of 60.16 Hz, and a 
maximum voltage of 622.3 V. Both values remain within the limits 
specified in Table 2.

Fig. 10g and Fig. 10h depict the emission and power losses values for 
this configuration. The average emission value (Eavg) is 8.92 tons of CO2, 
and the average loss value (Pavg) is 1.87 kW. These results indicate an 
increase by 7.7% in emissions and by 27.21% in total losses, demon
strating the superiority of the proposed strategy in minimizing emissions 
during the power dispatch between MGs and optimally adjusting the 
droop control coefficients as primary control objective.

A significant aspect to study is the precise impact of secondary 
control. For this purpose, the performance indices for frequency control 
are calculated, including MRE, ITAE, ITSE, IAE and ISE. The results 
demonstrate that a hierarchical control strategy without a secondary 
control is feasible. However, MOPSO control with a supervisory sec
ondary control yields improved performance across all considered 
indices. Table 4 presents a numerical comparison of these indices.

5.3. Comparison against fmincon optimization

To demonstrate the capability of the proposed MOPSO algorithm in 
attaining optimal operational results, this section presents a perfor
mance comparison between the MOPSO-based strategy and a traditional 
nonlinear optimization technique carried out using the fmincon solver.

The fmincon function is a gradient-driven optimization tool designed 
for solving nonlinear problems. It minimizes a scalar objective function 
while adhering to both equality and inequality constraints—linear and 
nonlinear—as well as upper and lower limits on the decision variables. It 
relies on several numerical optimization strategies, including interior- 
point algorithms, sequential quadratic programming, and trust-region 
reflective methods, to find local solutions in problems where the 
objective and constraint functions are continuous and differentiable.

The formulation used for the fmincon method is detailed in Table 5.
Fig. 11 presents the results of the multi-objective optimization per

formed using the fmincon algorithm. Specifically, Fig. 11a illustrates the 
power distribution among the three MGs, ensuring full demand coverage 
at all times. For instance, at t=600 s, the allocated power values are 

P1=420 kW, P2=80 kW, and P3=280 kW, totaling a demand of 
780 kW. In contrast, the power sharing determined by the MOPSO-based 
approach differs notably, with P1=260 kW, P2=220 kW, and 
P3=300 kW. This variation in power allocation directly influences sys
tem performance, enabling the MOPSO method to achieve superior re
sults in terms of emissions and operational costs.

Fig. 11b depicts the objective function values corresponding to CO2 
emissions. The average emission value for the fmincon method is 8.58 T 
of CO2, which corresponds to an increase of 3.5% compared to the 
MOPSO-proposed method, which achieves an average of 8.28 T of CO2. 
This highlights the enhanced environmental efficiency of the MOPSO- 
based strategy. Furthermore, Fig. 11c shows the objective function 
related to power losses. The mean losses for fmincon amount to 1807 W, 
representing a 22.92% increase relative to the 1470 W average losses 
obtained via MOPSO. These results further corroborate the improved 
energy efficiency achieved by the MOPSO optimization. When 
comparing fmincon with the proportional power-sharing strategy, 
noticeable improvements are also evident: emissions are reduced from 
8.92 T to 8.58 T of CO2 (a 3.96% decrease), and losses decrease from 

Table 4 
Frequency control comparison.

1 MOPSO control Hierarchical Control Variation (%)

MRE -3.37⋅10− 8 -3.37⋅10− 5 100.09
ITAE 3259 4558 28.5
ITSE 11.11 19.76 43.78
IAE 3.552 5.119 30.61
ISE 1.15⋅10− 2 2.19⋅10− 2 47.72

Table 5 
fmincon algorithm sequence.

Step Procedure

1 Define objective function: 
M.O.F = min (w1⋅OF1 + w2⋅OF2)

2 Define decision variables and bounds: 
x = [PMG 1− 2 , PMG 3, n1, n2, (t1),…PMG 1− 2 , PMG 3, n1, n2, (t1)(tn)] with 
0≤PMG 1− 2≤Prated

MG 1− 2, 0≤PMG,3≤Prated
MG 3, 0.01≤n1≤0.08, 0.01≤n2≤0.08,

3 Specify constraints: 
c(x) ≤ 0

4 Set the initial solution vector x0 as the starting estimate for PMG 1− 2 , PMG 3,

n1, n2 across the time interval T
5 Utilize a nonlinear optimization algorithm to progressively reduce the 

objective function, while respecting all imposed constraints and variable 
limits, and updating x until the convergence conditions are satisfied

6 Obtain the optimal power profile xopt that results in the lowest M.O.F value, 
and confirm the validity and effectiveness of the solution by means of 
simulation or experimental assessment.

Fig. 11. fmincon optimization: (a) MGs power: P1, P2 and P3, (b) CO2 emissions 
and (c) power losses.
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1.87 kW to 1.807 kW (a 3.48% decrease). This demonstrates that 
fmincon can enhance the baseline proportional distribution method. 
However, among all three strategies evaluated, the MOPSO-based 
approach consistently delivers the best overall performance in terms 
of emissions reduction and power losses. Table 6 summarizes the 
comparative quantitative results for emissions and losses across the 
three strategies, clearly confirming the superior performance of the 
proposed MOPSO-based multi-objective optimization in the energy 
management of IMGCs.

5.4. MOPSO under fault operation

One of the key considerations in designing control schemes for 
IMGCs is their resilience to faults. This section demonstrates the fault 
resilience of the hierarchical MOPSO control. Fig. 12 presents a simu
lation in which a fault in the converter of MG2 is considered.

Fig. 12a shows the total active power, PTOTAL, and the power values 
for each MG. At t=5 s, the demand increases from 300 kW to 375 kW, 
causing a sharp drop in frequency to 59.87 Hz (Fig. 12b), and a reduc
tion in voltage to 593.1 V (Fig. 12c). Subsequently, a fault occurs in MG2 
at t=15 s. As a result, MG2 is isolated from the IMGC, and P2 is set to 0. 
To maintain the demand, P1increases from 113.9 kW to 215.6 kW, while 
the control of MG3 remains independent, maintaining a power output of 
160 kW before and after the fault.

Fig. 12b illustrates that the frequency decreases due to the fault, 
reaching a value of 59.79 Hz, which remains above the minimum 
threshold of 59.7 Hz. Similarly, Fig. 12c shows an increase in voltage to 
582.1 V, which stays within the minimum acceptable range of 576 V. 
Finally, as a consequence of the fault, the IMGC system operator decides 
to reduce the demand from 374 kW to 253 kW at 20 s. The IMGC re
sponds appropriately, maintaining P1=143 kW, P2=0 kW, and P3 =110 
kW. The frequency increases to 60.17 Hz, within the maximum 
threshold of 60.3 Hz. The voltage rises to 622.8V as the demand de
creases, remaining within the maximum voltage threshold of 624 V.

5.5. Performance under communication delay

In addition to electrical faults that may disrupt power supply, it is 
crucial to maintain a reliable communication system to ensure proper 
operation despite inevitable communication delays. In simulation 
studies and HIL validations, the following standard delay ranges are 
typically considered to characterize communication latency [46]: low 
delays (1–10 ms), suitable for real-time primary and secondary distrib
uted control; medium delays (10–100 ms), common in centralized or 
EMS coordination and tertiary control schemes or MG-to-MG exchanges; 
and high delays (greater than 100 ms), often used to evaluate robustness 
under fault or network congestion conditions.

In this section, the fault scenario detailed in Section 5.4 is subjected 
to three communication delay profiles—low (1 ms), medium (10 ms), 
and high (100 ms)—to rigorously assess the robustness of the proposed 
IMGC under simultaneous electrical faults and communication latency.

Fig. 13 presents the frequency and voltage control responses of the 
IMGC when MG2 experiences a fault under varying communication 
delays. For the low-delay case of 1 ms, Fig. 13a shows frequency values 
nearly identical to those obtained in the ideal, no-delay scenario, 
demonstrating that the system’s dynamic response remains virtually 
unaffected by minimal latency. Similarly, the voltage profile in Fig. 13d 

exhibits maximum and minimum disturbances closely matching those of 
the no-delay case, confirming stable voltage regulation under low- 
latency conditions.

When considering medium delays of 10 ms, Fig. 13b and Fig. 13e 
illustrate a noticeable increase in deviation from the ideal response. 
Frequency disturbances reach maxima of 59.84 Hz and minima of 59.76 
Hz, compared to 59.87 Hz and 59.79 Hz in the baseline case. Voltage 
also exhibits greater fluctuations, peaking at approximately 624 V; 
nevertheless, voltage remains well-regulated and stable throughout the 
simulation window.

Finally, Fig. 13c and Fig. 13f depict the system’s behavior under the 
most challenging delay scenario of 100 ms. Here, both frequency and 
voltage exhibit more perturbations, reflecting the increased difficulty 
posed by such latency. Despite this, the IMGC maintains system stability, 
ensuring that frequency and voltage remain within acceptable thresh
olds (59.76 Hz and 624 V, respectively).

These findings conclusively demonstrate that even under extreme 
conditions—combining an electrical fault in one MG with varying 
communication delays—the MOPSO-based control strategy embedded 
in the IMGC preserves stability and effective regulation. This robust 
performance underscores the capability of the proposed controller to 
handle real-world operational challenges, ensuring resilient and reliable 
MG operation despite the uncertainties introduced by communication 
network imperfections.

5.6. Hardware-in-the-loop experimental validation

This section demonstrates the practical implementation of the pro
posed hierarchical MOPSO control within a HIL setup. For this, an 
OPAL-RT4512 unit is used to run the plant in real-time. The OPAL- 
RT4512 device is managed through the RT-Lab software, which en
ables programming and real-time monitoring of the plant. Powered by 
four powerful 3.7 GHz cores, the plant runs with a time step of 50 µs.

The MOPSO is executed on a dSPACE MicroLabBox controller, which 
sends the reference values for PMG,1− 2, PMG,3, n1,opt, and n2,opt to the 
OPAL-RT4512 unit. This communication is carried out using a set of 
analog inputs and outputs with a voltage range of +16V/-16V. Finally, 
the results are displayed on a DLM4038 digital oscilloscope. Fig. 14
shows the configuration of the experimental setup, comprising a host PC 
with RT-Lab, the OPAL-RT4512 device, the dSPACE MicroLabBox 
controller, the set of analog input-output cards, and the DLM4038 
oscilloscope.

Fig. 15 shows a 50 s real-time simulation illustrating the variations in 
both active and reactive power demand, showing variations in active 
and reactive power demand. Fig. 15a displays the experimental mea
surements of PPCC (blue signal) and QPCC (green signal). For accurate 
representation, the signals are plotted with a horizontal scale of 5 s/div 
and a vertical scale of 1 V/div. For instance, at t=10s, the PPCC mea
surement of 5.5 V corresponds to 550 kW. Similarly, at t=25 s, the QPCC 
measurement of 1.85 V represents 185 kVAr.

Figs. 15b and 15c show the experimentally measured values of active 
and reactive power for each MG, respectively. Fig. 15b is plotted with a 
scale of 5 s/div and 1 V/div. The power values are represented in per 
unit (pu), amplified by a factor of 5 for better visualization. The base 
power for PMG,1− 2 is 500 kVA, and the base power for PMG,3 is 300 kVA. 
At t=10 s, P1 (blue signal) measures 0.75 V (0.15 pu), equivalent to 75 
kW. P2 (purple signal) is 2.35 V (0.47 pu), corresponding to 235 kW.

Finally, for P3 (green signal), the measurement is 4 V (0.8 pu), 
equivalent to 240 kW, completing the active power balance. Fig. 15c is 
plotted with a scale of 5 s/div and 0.375 V/div. At t=25 s, Q1 (blue 
signal) measures 0.83V (0.167 pu), corresponding to 83.6 kVAr. 
Meanwhile, Q2 (purple signal) is 1.014 V (0.203 pu), corresponding to 
101.4 kVAr, and Q3 (green signal) remains at 0 V, completing the total 
reactive power balance of 185 kVAr.

Figs. 15d and 15e show the measured frequency (fPCC) and voltage 
(VPCC) values at the PCC. In Fig. 15d, the signal is scaled by a factor of 10 

Table 6 
Comparison of the control methods.

Symbol MOPSO control fmincon Control Hierarchical Control

Eopt
avg 

(T CO2)
8.28 8.58 (+3.96 %) 8.92 (+7.7 %)

Popt
avg 

(W)
1470 1807 (+22.92%) 1870 (+27.21%)
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with a horizontal axis of 5s/div and a vertical scale of 0.5V/div. A 
measured value of 6V corresponds to a frequency of 60 Hz throughout 
the simulation. Similarly, in Fig. 15e, the signal is scaled by a factor of 
100, using the same axis scales. The measured signal of 6V corresponds 
to 600V at the PCC. The experimental results validate, on one hand, the 
real-time performance and reproducibility of the proposed MOPSO- 
based hierarchical control, and on the other hand, verify the finding 
obtained from MATLAB/Simulink simulations, demonstrating the 
practical applicability of the proposed approach.

6. Conclusions

This paper presented an optimal hierarchical control for an IMGC, 
based on the real-time implementation of a MOPSO algorithm. This al
gorithm enabled optimal energy distribution between MGs and the 
optimization of operation within each MG. The main contribution of this 
research lay in the capability of the MOPSO algorithm to simultaneously 
integrate the optimization of CO2 emissions as a tertiary control objec
tive and the minimization of total losses as a primary control objective. 
The proposed IMGC employed a combination of GS and GF inverters to 
interconnect the MGs. It was demonstrated that a rigorous analytical 
framework can be developed to establish the total losses of an IMGC 

Fig. 12. MOPSO control under failure: (a) Total power (PTOTAL) and power of each MG (Pi), (b) IGMC frequency, and (c) IGMC voltage.

Fig. 13. IMGC under communication delay: (a) frequency under 1 ms delay, (b) frequency under 10 ms delay, (c) frequency under 100 ms delay, (d) voltage under 1 
ms delay, (e) voltage under 10 ms delay, (f) voltage under 100 ms delay.
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Fig. 14. Experimental HIL setup formed by OPAL-RT4512, dSPACE MicroLabBox, Oscilloscope DLM4038 and PC-Host.

Fig. 15. Experimental results: (a) Active (PPCC) and reactive power (QPCC) at PCC, (b) MGs active power (Pi), (c) MGs reactive power (Qi), (d) frequency at PCC (fPCC)

and (e) voltage at PCC (VPCC).
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solely based on the droop control coefficients used in the primary con
trol and the frequencies required for their contribution. By employing 
general measures within the IMGC, such as the droop control co
efficients and frequency measurements, this approach is flexible and 
easily adaptable for further MGC studies. The effectiveness of the 
MOPSO-based hierarchical control was validated across multiple sce
narios, with experimental results demonstrating a 21.37% reduction in 
total losses and a 7.66% decrease in CO2 emissions compared to a 
traditional proportional approach. Additionally, when compared with 
an optimization based on the fmincon solver, the proposed method 
achieved a 22.92% reduction in losses and a 3.5% decrease in emissions. 
These results highlight not only the advantage of employing an 
advanced hierarchical approach but also how real-time optimization can 
lead to significant improvements in energy efficiency and sustainability. 
The implementation of centralized secondary control in this study led to 
significant improvements in performance indices, including a 100.09% 
improvement in MRE, 28.5% in ITAE, 43.78% in ITSE, 30.61% in IAE, 
and 47.72% in ISE, demonstrating that the MOPSO-based hierarchical 
approach is not only more efficient in terms of reducing losses and 
emissions but also enhances the stability and control of the IMGC. The 
robustness and flexibility of the MOPSO were validated in scenarios 
involving MG failures and unexpected changes in active and reactive 
power demand. The results demonstrated that the system’s ability to 
adapt effectively, maintaining frequency and voltage stability within the 
predefined limits. This not only highlights the MOPSO’s adaptability to 
contingencies but also underscores the applicability of the proposed 
algorithm in real-world, dynamic situations, emphasizing the practical 
and operational value of this research. Furthermore, the practical 
feasibility of the proposed approach was further confirmed through HIL 
experimentation using an OPAL-RT4512 unit and a dSPACE MicroLab
Box controller. The experimental results, with a sampling time of 50 µs, 
closely aligned with the simulation results, demonstrating the effec
tiveness of the real-time control implementation. Future investigations 
could include incorporating coarse-grained modeling strategies, such as 
granular computing approaches, to enhance the accuracy and efficiency 
of the optimization process. In particular, granular-ball computing could 
be explored as a method to structure high-dimensional data spaces and 
manage uncertainty in system operation by dynamically grouping input 
features into adaptive spherical granules. This approach would facilitate 
a more efficient exploration of the solution space by the MOPSO algo
rithm, especially under conditions of noise or partial observability. 
Furthermore, combining granular-ball computing with neighbourhood 
rough sets or three-way decision models may offer a robust framework 
for classifying MG operating states and supporting real-time control 
decisions in complex and uncertain environments.
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