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Optimized Pl controller-based
hybrid model for adaptive energy
management in photovoltaic
integrated electric vehicle charging
microgrids
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The demand for charging stations (CSs) has increased due to the rapid expansion of electric vehicles
(EVs), which has led to higher peak loads and grid instability. Microgrids (MGs) can benefit from

the integration of renewable energy sources (RES), but their intermittent nature requires clever

and flexible energy management techniques. For a DC microgrid that includes photovoltaic (PV)
generation, fuel cells, battery storage, and EV charging infrastructure, this research proposes an
optimized Pl-based hybrid energy management system. To achieve reliable power balancing under
changing EV demand and fluctuating RES availability, the hybrid controller combines a fuzzy logic
controller (FLC) with a Dwarf Mongoose-based Red Panda Optimization (RPO) algorithm for optimal
proportional integral (PI) tuning. MATLAB/Simulink is used to model and validate the proposed
method. The results show that enhanced renewable use, efficient converter management, and
dynamic tariff adjustment considerably reduce operating costs and increase stability. During off-peak
hours, charging costs drops to a minimum of 0.034 USD/kWh. Weekday and weekend average costs
drop to 0.086 and 0.088 USD/kWh, respectively, representing reductions of 45.26% and 56.11%. Power
balance is improved, and greenhouse gas emissions are reduced by up to 55.75% when renewable
energy is used. In comparison to traditional techniques, the proposed optimized PI-based hybrid
controller also exhibits better voltage regulation and faster convergence. These results demonstrate
the hybrid adaptive EMS improves power stability, cost effectiveness, and renewable integration for
DC microgrids that facilitate EV charging.

Keywords Renewable energy systems, Dwarf Mongoose-Based Red Panda Optimization, Microgrid, Electric
vehicle, Charging station, Energy management system

Abbreviations

EVs Electric vehicles

CSs Charging stations

EMS Energy management strategy
MG Microgrid

RES Renewable energy sources
PM Power management

ICE Internal combustion engine
EVCSs EV charging stations

PI Proportional integral

FLC Fuzzy logic control

CCs Charging costs
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BCs Boost converters

SSA Sparrow Search Algorithm

PSO Particle Swarm Optimization
PHEVs Plug-In hybrid electric vehicles
MHS Modified Harmony Search

PV Photovoltaic

DNN Deep neural networks

vsC Voltage source converter

MPPT Maximum power point tracking
ANN Artificial neural networks

CSB Charging station battery

SoC State of charge

CEEMD  Complete ensemble empirical mode decomposition
FC Fuel cell

RPO Red Panda Optimization

DMO Dwarf Mongoose Optimization

DMRPO  Dwarf Mongoose-Based Red Panda Optimization

Due to the rapid adoption of electric vehicles (EVs), the global automotive industry has seen a dramatic
transformation in the past ten years'. This change has been facilitated by government incentives, consumer
tax refunds, technological breakthroughs, and the pressing need to reduce greenhouse gas emissions?. To
lower carbon emissions and foster green economic growth, governments everywhere are actively promoting
sustainable transportation options®. Because of this, EV sales have surged substantially, spurred along by
significant investments from high industrialist’. Shared mobility services, autonomous driving technology,
logistics optimization, and improving personal mobility are currently the main drivers of developing business
models’. Simultaneously, a number of nations have declared their intention to phase out internal combustion
engine (ICE) vehicles within the next ten years, underscoring the vital need of creating a strong environment
for EVs®”. Nevertheless, the EV industry still faces several obstacles despite its quick growth, including range
anxiety, expensive batteries, problems with charging standards, a lack of infrastructure for charging, and greater
strain on power systems as a result of varying charging demands®®. The combination of many charging connector
types and the lack of standardized EV charging stations (EVCSs) further complicates widespread adoption'.
Utility companies must install more Advanced EMS with charging stations as EV usage rises to control energy
imbalances and peak load fluctuations!' 2. It is now vital to integrate RES into the system to supply the growing
requirement for electricity while cutting emissions'®. However, real-time power management is a difficult issue
due to the inherent uncertainty and intermittency of RES!%. RES-powered MGs have become a viable option for
efficiently managing energy supply and demand in EVCSs. MGs offer operational flexibility and reliable, resilient
power delivery in both islanded and grid-connected modes. Still, the unpredictable properties have a significant
impact on load balancing, storage use, and overall system stability because of the fluctuating nature of RES and
EV charging trends'®. Energy storage, renewable generation, and EV demand projections are therefore essential
components of effective and cost-effective PM methods to prevent shortages or energy waste!®.

The unpredictable demand for EV charging, peak load fluctuations in microgrids, and the intermittent
nature of renewable energy sources present difficulties for current energy management strategies. Traditional
optimization methods can lack the flexibility required to adapt to changing operational conditions!”. The
temporal dependencies and nonlinear interconnections between EVCS demand, renewable generation, and
storage systems are difficult for convolutional algorithms to capture, despite their effectiveness in spatial feature
extraction and charging pattern identification. These restrictions make it difficult to forecast accurately and
make decisions in real time, which leads to inefficiencies in power distribution and dependability. Therefore,
sophisticated hybrid frameworks are needed to address these issues and provide economical, sustainable energy
management.

The novelty of this work is its unique combination of bio-inspired optimization techniques and superior
control strategies to enhance energy management in DC microgrids that support EV charging stations. It
provides a hybrid architecture that makes use of a Fuzzy-PI controller in conjunction with the DMRPO algorithm
to maximize power dispatch in the face of changing EV demand as well as the inherent unpredictabilities of
renewable energy. By utilizing the social and foraging behaviours that the DMRPO simulates to better optimize
the controller parameters, this approach outperforms conventional methods in terms of stability, reaction speed,
and voltage regulation. Furthermore, incorporating a nature-inspired metaheuristic into a hybrid control system
is a novel addition that offers a more robust and effective energy management solution that maximizes the use
of renewable resources while preserving stable grid operation. This novel combination offers a feasible path
for affordable and eco-friendly EV charging stations while addressing present issues in renewable microgrid
management.

The primary contributions are highlighted below.

Contributions of the research:
The important contributions of the research are,

« Intelligent hybrid energy management is implemented to improve MG efficiency and enable efficient EVCS.

o Improving energy management in EVCSs by combining a proportional integral (PI) controller (PI-FLC)
model with optimized fuzzy logic control using the Drawf Mongoose based Red Panda Optimization (DM-
RPO) Algorithm.
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o Integrating an optimized PI-based hybrid model to manage power inside the DC bus, ensuring stability in the
face of load changes and uncertainties.

The paper is organized as follows: section “Literature review” presents the literature review, section “Proposed
configuration of energy management in EVs” describes the proposed methodology for energy management in
EVCS, section “Results and discussions:” explains the results and discussion and section “Conclusion” concludes
the manuscript.

Literature review
Recent methods are used to examine the charging system of the suggested renewable energy-based RE system,
and Table 1 summarizes their main drawbacks.

Karmaker, A.K,, et al., [2023] examined issues with environmental and techno-economic aspects of electric
vehicle charging system, highlighting the importance of a fuzzy logic algorithm. According to the study, the
recommended methodology ensured a quick payback period for station owners by lowering Charging Costs
(CCs) for weekdays and weekends as well as significantly reducing greenhouse gas emissions. According to the
data, the recommended algorithm cuts energy expenses by a nominal level.

Hasani, R., et al., [2025] presented a clear 24-h scenario-based MG Energy Management System (MG-EMS)
to lower operational costs and emissions in the face of uncertainty. In addition to flexible loads taking part in
a Demand Response Program (DRP), the system incorporates PV units, Wind Turbine (WT) units, Combined
Heat and Power (CHP), Power-to-Gas (P2G) storage, and an EV Parking Lot (EV-PL). Improved performance
was demonstrated using a hybrid approach called the Hybrid Multiobjective Particle Swarm Optimization—
Lightning Search approach (hMOPSO-LSA). The algorithm was applied to the MG-EMS case study after being
verified using Deb-Thiele-Laumanns-Zitzler (DTLZ) benchmark functions.

Engelhardst, J., et al.,, [2022] examined an innovative EMS for hybrid fast charging system, employing a multi-
battery architecture directly coupled to extra DC components without power converters. In comparison to basic
droop control, the study demonstrated better self-sufficiency by introducing an advanced control with dynamic
dead bands based on PV energy estimates. As a result, the suggested control achieves self-sufficiency to greater
extent.

Mohamed, N, et al., [2021] investigated a PM algorithm for charging EVs on the move, utilizing a mix of
wireless charging, PV generation, a battery system and a fuel cell. Boost Converters (BCs) for PV/FC and the
boost-buck converter in the battery package were among the power converters for each energy source that
were introduced in the study. To feed the battery series during periods of surplus energy availability, the novel
method entailed connecting wireless charging, FC, and PV models in parallel via a DC/DC converter. For all
aspect, mathematical models and matching PM loops were developed, demonstrating the research’s important
contribution. The battery’s state of charge was found to be in feasible and optimum level.

Mohan, H.M. et al,, [2023] investigated a hybrid optimization technique employing the Fuzzy-Sparrow Search
Algorithm (SSA) for effective EMS in DC MGs with RES and battery storage. According to simulation data, the
suggested SSA performed better in terms of stability and convergence rate than Particle Swarm Optimization
(PSO). The Fuzzy-SSA displayed increased reaction characteristics, optimizing PM and minimizing electricity
bills annually evaluated to PSO. The algorithm’s contribution to economical PM for expanding EV charging
infrastructure is highlighted in the report. Simulation results show that algorithm design in DC microgrids
lowers annual electricity expenditures by at a better rate.

AL-Dhaifallah, M., et al., [2021] assessed the impact of charging plug-in hybrid electric vehicles (PHEVs) on
the optimal operation of microgrids. To examine the behaviour of PHEVS, three alternative charging patterns
comprising of uncontrolled, controlled and smart charging techniques are considered. Microgrid modeling
energy management also considers prediction error in PHEVs, loads, pricing, and output electricity from
renewable sources. To cope with the optimal scheduling of microgrid considering uncertainty, a modified
harmony search (MHS) algorithm is utilized. The suggested system is validated using simulations and without
the PHEV charging impacts.

Koca, Y.B., [2025] focused on modelling and regulating hybrid Photovoltaic (PV) and wind energy systems for
EV battery charging stations. A load shedding system based on Deep Neural Networks (DNN) has been created.
The integration of this mechanism with the grid through a voltage source converter (VSC) has been studied. The
work stresses the integration of a DNN-based controller and maximum power point tracking (MPPT) method.
The suggested system intends to reduce energy expenditures and optimize the load on the grid by boosting the
usage of renewable energy sources. This unique solution has been created to address load balancing and stability
difficulties in existing energy management systems. The research’s main objectives are to maximize energy
demand management and guarantee more effective use of renewable energy sources. Simulations conducted
under various operational settings have tested the ability of the suggested DNN controller to manage loads
dynamically according to three priority levels.

Sathyan, S., et al., [2024] introduced an EMS based on Artificial Neural Networks (ANN) used for the financial
management of a PV-powered EVCS that includes battery backup and Vehicle to Grid (V2G) functionality. The
Charging Station Battery (CSB) and Parking Lot EVs (PLV) support the efficient functioning of the EVCS and
enhance its reliability by serving as a backup supply during independent mode, charging during off-peak hours
and discharging during peak hours. The suggested approach lowers the operating costs of the PV-powered EVCS
while guaranteeing that an appropriate power equilibrium is sustained among its different elements: PV, EV,
CSB, the PLV prepared for V2G operation, and the grid. This approach utilizes real-time data, including the
connection status of the EV and PLYV, the State of Charge (SoC) for the EV, CSB, and PLV, available PV power,
and Time of Use (ToU) tariff to intelligently allocate resources.
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Shen, Y., et al., [2023] presented a fuzzy logic energy management strategy for EVs that slows down battery
aging by using Complete Ensemble Empirical Mode Decomposition (CEEMD). For power requirements,
batteries and ultracapacitors contain distinct low- and high-frequency components, and a fuzzy controller
maintains their charge levels. According to tests conducted battery capacity degradation is decreased by 6.72%,
8.33%, and 8.38%, respectively, due to decreased discharge current and enhanced SOC balance.

Makram Kamel, O., et al.,, [2023] examined a DC/AC microgrid functions in unpredictable operating
environments. While the FC and BC help maintain MG stability, the PV system was regarded as the main energy
source. A variable AC load and an electric vehicle charging system are provided by the MG. Two strategies
for control are created and assessed. Initially, a new FLC was created to offer an EMS while taking conversion
energy systems’ uncertainties into account. A JAYA-based optimal control strategy was also used. The suggested
EMS controls the charging of Li-ion batteries, keeps the load bus voltage steady, and controls FC fuel use. A PI
controller tuned using the Ziegler-Nichols approach was used to compare the performance of the suggested
controllers under partial PV shading.

Kamel, O.M,, et al., [2023] presented a hybrid islanded MG model that integrates both EVs and STATCOM
while taking into account a number of sustainable energy sources, including wind and PV. Residential system
loads are present. With the use of EVs and DSTATCOM, this research aims to achieve frequency and voltage
stability under challenging operating conditions. The performance of the suggested MG was examined for eight
hours of operation, which corresponds to the higher load demand period. Fixed power factors are typically
used by intermittent renewable energy systems, such as solar PV and wind. Also, rather than creating energy,
these devices take in reactive electricity from the grid utility. Therefore, these new systems voltage regulation
was supported by reactive power based on power electronics. The stability performance is enhanced using
DSTATCOM as one of the most effective FACTS devices.

Kamel, O.M.,, et al., [2020] presented a various control strategies for wind farms based on doubly fed
induction generators (DFIG) with the appropriate POD. To improve system oscillation damping, a damping
control loop (DCL) was added to the DFIG back-to-back converter control circuit. DCL and the traditional
power system stabilizer share a similar primary purpose. However, in order to maintain wind farms following
grid code requirements and support system performance during congestion, external regulating devices like
STATCOM are needed. Power system stabilizer (PSS), an incorporated component in the thermal power plants’
management circuit, was used to examine the system’s dynamic performance. Using MATLAB/Simulink, a
system dynamic performance was carried out.

An evaluation of the current research indicated in Table 1 identifies several study gaps that restrict its
relevance to actual EV charging settings. Scalability is limited when RES variability and EV arrival uncertainty
grow since many systems rely on idealized operating conditions and lack thorough validation under highly
dynamic load profiles. While certain solutions (such DNN and data-driven methods) show strong results in
isolated circumstances, real-time implementation is difficult due to their high computational cost or need for
vast datasets. Furthermore, most of the research concentrates on either technical performance or economic
optimization, failing to include both elements into a cohesive control structure. The literature discusses hybrid
energy systems with many sources (PV, FC, battery), but their control approaches rarely address converter
coordination, fast response needs, and stability under transient disturbances. Moreover, only few studies offer
adaptive controller tuning that can react to unanticipated fluctuations and nonlinearities under microgrid
settings. These limitations highlight the need for an EMS that is more reliable, flexible, and computationally
effective. To improve stability, lower charging costs, and increase renewable use in the face of real-time
operational uncertainty, the proposed optimized PI- based hybrid model combines intelligent controller tuning
with fuzzy decision-making.

Proposed configuration of energy management in EVs

The proposed DC microgrid system under consideration comprises of an electric vehicle charger, a battery
storage system, an energy system powered by fuel cells, and a photovoltaic solar system is depicted in Fig. 1.
The solar PV system greatly reduces greenhouse gas emissions and electricity costs. PV is the best option for
operating a self-sufficient grid. The energy of PV systems is dependent on temperature, irradiance, and voltage.
Electrical devices called photovoltaic cells employ semiconducting components to generate power from solar
rays. A boost converter connects the PV array to the DC bus. The greatest part of the solar curve can power a
photovoltaic system by employing a booster converter that uses the MPPT (maximum power point tracking)
technique'®. It also maintains the power balance of the microgrid by storing or releasing excessive or insufficient
electricity. The battery storage system is powered by a bidirectional converter that allows for both charging
and discharging®. Energy flow optimization and general coordination are regulated by an optimized PI-based
hybrid model energy management plan that assures the hybrid energy system’s stability, reliability, and effective
operation.

Modelling of photovoltaic system

Photovoltaic (PV) systems are a sustainable and renewable method of producing clean energy®. The main
variables affecting PV system’s output power are solar irradiation, cell temperature, and the placement of the
PV array. The main components of the analogous PV model circuit are a diode D, internal shunt and series
resistances R, and R, and a current source /;, whose magnitude is influenced by temperature and solar
irradiation. Equation (1) presents the voltage-current VI characteristics.

(1)

q (Vpv + RsIpv) Vv + Rslpv
Ipy =Ip — 1 apv + fHslpv) )| _ Yev £ Redpy
pv= e T {exp ( akT Ran
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Fig. 1. A microgrid layout powered by sustainable energy.

where, Ipy represent the PV current, Vpy represent the each cell’s voltage, Io represent the reverse saturation
current of the diode, g represent the electron charge, a represent the p—n junction ideality factor, k represent
the Boltzmann constant and 7" represent the temperature. The output of PV panels is greatly impacted by the
intensity and distribution of solar radiation.

Modelling of fuel cell

Fuel cells are clean energy sources that use electrolyzers to transform chemical energy into DC electrical energy*.
It functions similarly to a battery, but it doesn’t require recharging and has additional benefits than a battery,
including high efficiency, easy usage, low maintenance requirements, and carbon neutrality. The electrolyzer
uses the excess electricity to separate water into oxygen (air), which is fed to the cathode, and hydrogen is fed to
the positive electrode (anode) by feeding DC power through two electrodes.

1
Electricity + H2O — Hs + 502 (2)

The output power that the hydrogen tank receives from the electrolyzer can then be expressed as follows:

Pout—Hz(t) = Pin—cle * Nele (3)

where, Pout—H,,, represent the output power of electrolyzer, Piy—cie represent the input power of electrolyzer
and 7eie represent the efficiency of electrolyzer. Finally, the following equation can be used to calculate the fuel
cell plant’s total generated power:

Prcwy = Pay,—ro *nFc (4)
Modelling of battery
A battery is utilized in this research to measure the power to load and store any excess power generated*’. In

this situation, it is crucial to take the state of storage (SOC) into account. In fact, there are two modes such as
charging and discharging. The charging process is expressed as follows:

Pep (t) = (Pwr (1) + Ppv (1)) — (P1 () / pino) 5)

where Ppv (t), Pwr (t) and P (t) represent the power produced by the PV system, wind turbine and load
power respectively. Whereas, 1in. represent the converter’s efficiency. Additionally, since hourly iteration time
is employed, C.p, (t) could be used in place of P,y (t). The charging mode can be expressed as follows:

Cy (t) = Cy (t— 1) + Con (t) (6)

The Eq. (7) is subject to the following requirement:
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Cch (t) S Cb max ~ Cb (t) (7)

where C}, (t — 1) represents the battery’s condition at the previous moment and Cp max represents its maximum
state. Otherwise, another expression will be taken into consideration in the event that an excessive load results
in a wasted energy case:

{ Cdump (t) = Cch (t) — (Cb max — Cb (t)) ’Lf Cb (t) = Ch max (8)
dump (t) =0 else
where, Cqumyp (t) presents the excess energy at time ¢. The discharging process is expressed as follows:
Pacn (t) = (P1(t) / prinv) — (Pwr (t) + Ppv (1)) ©9)

Pgch (t) can also be substituted with Cqcp, () because hourly iteration time is utilized. One way to express the
discharging mode is as follows:

Cy(t) =Chy(t—1) = Caen (t) (10)

The state of charge for a time (¢) is represented by C}, (¢), and this expression is subject to the following condition:

Cach (t) < Cy (t — 1) — Cp min (11)
where,C min represent the minimum state of the battery.

Modelling of EV

During motion, EVs must overcome a number of resistive forces, which must be taken into account when
dynamically modelling the vehicle*!. This model makes it possible to calculate the energy required for the
electric drive forces and power as well as the theoretical electric vehicle load for each drive. Consequently, using
EVs provides both power and energy, depending on the vehicle’s speed in relation to the driving cycle. However,
anumber of metrics, such as fuel consumption and pollution levels, are used to evaluate a vehicle’s performance.
In EV modelling, a variety of roads, velocities, and forces are used. The load is determined by the sum of all
forces, which is expressed as:

Fr=F;+Fr+F;+Fc (12)

F; =05..W.Ky.Niy
Fr=(Lev + Lgss). (K0+K1 +LQEV) (13)
Fy = (Lgv + Lgss) .Sin(B8) .f
Fc = (Lgv + Lgss) . (UNNU/dt)

where Lrss represent the mass of energy storage system, Lgy represent the mass of EV, the load force is
represented by I, F'y represent the gravitational force, Fr represent the rolling resistance, Fc represent the
acceleration force, ¢ represent the electric density, K represent the drag constant, W represent the area, Ngyv
represent the vehicle speed and f represent the gravitational constant.

Control strategy

Figure 2 shows the configuration of proposed energy management in EVs. The PV system, which acts as the
primary source in DC MG, is connected to the DC bus through a BC. To maximize solar power extraction, an
MPPT system based on the incremental conductance approach is employed. This comprises calculating the duty
cycle, generating pulse width modulation (PWM), and accounting for the PV’s voltage (Vpv) and current (Ipy ).
Consequently, control signals are produced for the BC. Because it effectively monitor peak power despite quickly
fluctuating environmental circumstances, the incremental conductance technique has various advantages?2.A
Pl-based controller®® controls the bidirectional converter as well as the BC* that joins the fuel cell and battery.
By avoiding the use of error derivatives, the PI control technique enhances system stability when data noise is
present. This is explained by the fact that the input from the PI is less vulnerable to abrupt and substantial state
changes of the model in the absence of derivative intervention. A balanced mode is maintained by synchronizing
the operation of many sources, particularly during fluctuations in solar irradiation.

Using a battery, the fuel cell and the load are connected. The PWM generator supplies the switching signals
for the fuel cells DC-DC BC, while the PI controller establishes the duty ratio. The PI controller’s feedback
loop computes the error signal using both the load voltage differential and the voltage reference. The DC-DC
bidirectional converters are important for connecting the battery source to the MG as they charge and discharge
electricity while in use. In order to provide a switching pulse for the bidirectional converter, the PI controller
creates an error signal by comparing several factors, such as the current values from the PV BC, FC BC, and
load. The DC-bus voltage and converter performance are directly impacted by the rapid and irregular changes in
power demand caused by the EV charging and discharging profile. The control approach continuously monitors
EV loading circumstances and modifies the converter duty cycle to handle these variations. In the case of
unexpected EV charging surges or discharging events, this ensures constant power supply. Under dynamic EV
behavior, the optimized-PI-fuzzy based hybrid energy model improves overall voltage stability.
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Fig. 2. Configuration of proposed energy management in EVs.

For the PI controller, the DMRPO is used to adjust the integral (k;) and proportional (k,) gain levels. The
control logic determines the direction of energy flow among various parameters while accounting for operating
conditions. The Hybrid DMRPO algorithm’s optimal solutions for the PI controller and the solution from the
Fuzzy controller are computed and used to produce the control signal for converters. To achieve the best power
management, the controller combines the advantages of fuzzy controllers with DMRPO -based PI controllers.
The control system is schematically depicted in Fig. 3.

A fuzzy logic controller’s rule basis’! is designed to produce a consistent and timely state response for slight
changes in its inputs; the controller’s output varies very little, ensuring precise control. The basic components
of a fuzzy logic controller are fuzzification, defuzzification, fuzzy interface, and rule foundation. The choice of
control variables is carefully studied when constructing the fuzzy control. Here, fuzzy logic control uses the error
and its derivative as inputs. When creating input and output rules, they rely on membership functions rather
than rigorous procedural needs. Figure 4 shows the fuzzy logic controller.

In the suggested EVCS model, the controller performance is improved by combining the control signal from
the fuzzy control with the DMRPO Optimized PI controller.

Dwarf Mongoose-based Red Panda Optimization algorithm

This section involves tuning controller parameters such as K, and K; using the proposed DMRPO model.
The suggested DMRPO is a hybrid metaheuristic that merges the exploratory advantages of Dwarf Mongoose
Optimization (DMO) with the exploitation and defense mechanisms of the Red panda optimization (RPO).
DMRPO looks for the best proportional and integral gains (K, and K;) of a PI controller that reduce a closed-
loop performance index for the DC microgrid converters. A PI parameter vector is encoded by each candidate
solution (red panda/mongoose). The mathematical model of this improved strategy are explained below:

Dwarf Mongoose Optimization (DMO) Three social groups are used by the dwarf mongoose (DM) popula-
tion in the DMOA: scouts, babysitters, and the alpha group. Together, the family forages, with the alpha female

starting the process and deciding on the sleeping mounds, distance travelled, and foraging route. Babysitters
are provided by a portion of the DM population, which is typically a mix of male and female kinds. Until the
remainder of the group shows up in the afternoon, they remain behind with the kids. First, the babysitters are
switched so they can start foraging with the group (exploitation phase). Instead of building a nest to lodge the
young, the DM group constantly shifts the sleeping mound in search of a new location for foraging. In an area big
enough to fit everyone in the party, the DMs have developed a seminomadic way of living (exploration phase).
The mathematical model of DMO is quoted as follows:
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The initial DM populations of individuals potential solutions in the DMOA are produced at random in the
manner described below:

P; p (0) = Puin, p- + 7and(0,1) + (Pmax,p — Pmin,p) ;4 =1: Npy,p=1: Pim (14)

where Prin ,p and Prax ,p indicate the minimum and maximum boundaries of each control variable (p);F;,p
indicates the location as a seeking individual; Pimn describes the number of choice variables associated with the
optimization task.

Fitness function: After the population has been established, each solution’s fitness is determined. The
objective of optimization is to minimizing charging cost. The fitness function is expressed as

Fitness (F;) = MIN (cost) (15)

Alpha group: After the population is initialized, each solution’s fitness is determined. The alpha female (o) is
selected based on the probability value of each group’s fitness, which is calculated by Eq. (16).
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o= ZNP]M F, (16)

=1

The number of DMs in the alpha group is correlated with the difference between the number of babysitters and
the overall group number (Npyas). B represents the number of babysitters. Peep is the vocalization of the alpha
female that keeps the DM family on course. To determine a possible food position, the DMOA uses the formula
given in Eq. (17).

Pip(j+1)=Pep(j) +rand(0,1) X peep,k=1: Npyy — B,p=1: Pim (17)

where j indicate the existing iteration. Following each iteration, the sleeping mound can be expressed as follows:

Fiy1 - F;

SMy = ——l =
Maz [|Fit1 — Fi]

1=1:Npy —B (18)

where i refers to each DM in the scout group which are the difference between the whole group number (Npas)
and the number of babysitters (Bst). The mean value  of the sleeping mound is expressed in Eq. (19).

N
S s,
Npum

Y= (19)

Scout group: When the babysitting exchange condition is met, the DMOA approach moves on to the scouting
step, when a subsequent food source or sleeping mound will be identified. In order to ensure exploration,
scouting takes place in conjunction with foraging in DMOA. The scouts look find a different sleeping mound.
Based on the mongooses overall performance, the ensuing action is portrayed as a successful or failing evaluation
of creating a new mound. Equation (20) can model the scout mongoose.

Pyp (§) = CF x rand (0,1) X [Px,p () — M], if xi+1 > Xxi

Py +1) = ’ 20
kp (7 +1) {Pk,p () + CF x rand (0,1) x [Py (j) — M], otherwise 20

where rand denotes the random number within the range of 0 to 1, M denotes a vector that determines the
mongoose’s migration to the next sleeping mound, as shown in Eq. (22), and C'F' decreases linearly as iterations
go on, as shown in Eq. (21). The parameter that controls the collective-volitive motion of the mongoose group
is denoted by the C'F’ parameter.

OF = (1 J )(ZXM"'“) (21)

B Maz _t

EN P SM,

i=1

where Maz_t denotes the maximum number of iterations. Smaller group members, known as babysitters, are
typically in charge of the young ones. In order for the mother, the alpha female, to lead the other members of the
squad on the daily hunting, they are continuously replaced.

Red Panda Optimization (RPO) The red panda is a small, native mammal found in the eastern Himalayas and
southern China. The red panda’s foraging technique, which relies on its acute senses of smell, hearing, and sight
as well as its exceptional ability to climb trees, is one of its most remarkable natural activities. The mathematical
modeling of these red panda natural behaviors is provided below.

The population matrix of RPO algorithm is formulated as:

Y1
V=|y (23)
YN Nxm
where Y represent the population matrix of red pandas’ locations, Y; represent the i*" red panda, N represent
the number of red pandas and m represent the number of problem variables.

Foraging Strategy (Exploration): Red pandas’ movement to forage in the wild is used to mimic their position
in the first stage of RPO. Red pandas use their keen senses of smell, hearing, and eyesight to locate food sources
and move in that direction. Using Eq. (24), a new position is initially determined for each red panda based
on movement towards the location of the food supply (the best candidate solution) in order to represent the
behavior of red pandas while foraging. The red panda’s position is then changed to the location determined
during the exploration phase using Eq. (25) if the objective function’s value improves at the new location.
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Y;-Dl : Y;?l =Y+ (sti,j — I.yi,j) (24)
D1 D1 _
Y:, otherwise

Where Y;”! represents the i** red panda’s new position based on the first phase of RPO, Y£1 represents its 5"
dimension, Y; ! represents its objective function value, s fs; is the it" red panda’s chosen food source, sfs;,;
denotes its 7" dimension, r is a random number in the interval [0, 1}, and I is a random number chosen at
random from the set {1, 2}.

Proficiency in climbing and resting on trees (exploitation): Red pandas’ ability to climb trees and rest on them
is used to depict their position in the second phase of the RPO. Red pandas rest on trees for the majority of the
day. This animal climbs the surrounding trees after foraging on the ground. Red pandas’ positions shift slightly
as they approach and ascend the tree, which improves the suggested RPO algorithm’s capacity for local search
and exploitation in promising regions. First, a new position is determined for each red panda utilizing Eq. (25) to
mathematically simulate their natural behavior when climbing trees. The matching red panda’s original position
is then replaced with this new position using Eq. (26) if the objective function’s value is improved.

LBj +7r- (UB] — LBJ)

Yig =vij+ n (26)
D2 D2
: D2
R S 27)
Y;, Otherwise

where yff represents the i*" red panda’s new position based on the second phase of RPO, ysz represents its
ki th dimension, FiD 2 represents its objective function value, r represents a random number in the interval [0,
1], t represents the algorithm’s iteration counter. Figure 5 shows the flowchart of proposed DMRPO algorithm.
The original approaches, DMO?? and RPO¥, include issues such early convergence, asymmetries in the search
process, and poor convergence capacity. These issues are intended to be addressed by the hybrid methodology.
The major updating technique of DMO is applied in a suggested manner to increase the search functionality
of RPO. The proposed method’s pseudo-code is described in Algorithm 1, which mainly uses two important

Initialize the parameter

Generate initial population

!

Determine the fitness function

{

'

Update the position of red panda
(foraging/climbing behavior)
using equation (26 and 28)

[ ]

Y

Update the position of
Mongoose using equation (21)

Termination
Criteria Met

Return the optimal solution

Fig. 5. Flowchart of proposed DMRPO algorithm.
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Input: Define the algorithm's parameters and solutions.
Initialize the solutions and parameters.

While (Iter < Max_I) do

Compute the fitness of each solution

Fori=1to N
If (Rand < 0.5)

{
\\Update solution by DMO

{
Select the alpha mongoose using Equation (16)
Generate candidate food location using Equation (17)
Compute sleeping mound by Equation (18)
Compute mean sleeping mound using Equation (20)
Update the scout mongoose position using Equation (21)
H
Else
\\ Update the solutions by RPO
{
Compute new position using foraging behavior using Equation (25)
Update position using Equation (26) if fitness improves
Compute new position using climbing behavior using Equation ( 27)
Update position using Equation (28) if fitness improves
)
End if
End For
t=t+1
End while

Output: Return the optimal solution

Algorithm 1: Pseudo-code of DMRPO algorithm.

search operators. If the random value (Rand) is less than 0.5, one of the RPO or DMO operators is used.
The presence of low diversity is usually noticed when one of the optimization strategies updates the candidate
solutions, influencing the performance of the search operators. Furthermore, a lack of diversity in the solutions
utilized leads to an imbalance in the search process, with operators focused either on local or global search,
hurting one side of the updating processes. As a result, the alternating use of search approaches in the suggested
strategy improves search performance and ability, leading to more robust solutions. This modification is done to
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prevent imbalances and early convergence among the search operators. Algorithm 1 offers the pseudo-code for
the proposed hybrid strategy and Fig. 6 depicts the flowchart of the methodology.

Results and discussions

An MG model with batteries, fuel cells, and solar panels uses an optimized PI-based hybrid model to manage
energy. The DC MG module is designed using MATLAB/Simulink, and the power converters and energy
sources are built within the Simulink environment using Simscape. While Simscape serves as the actual
modeling component, it also provides a graphical programming structure for creating, testing, and evaluating
model behavior. The proposed DMRPO was used to optimize the K, K; and PI controller parameters, and the
obtained solutions were integrated with fuzzy logic control. Variations in Battery State of Charge (SoC) and a
range of solar irradiation levels were used to control the MG in various operating modes, guaranteeing a steady
power supply for EV charging on a DC MG. The results and evaluation of the presented model in different
contexts are covered in this section. The elements of the developed DC MG model are shown in Table 2, and the
control parameters and their operating ranges are shown in Table 3. Table 4 shows the Controller settings and
algorithmic details.

Simulation settings
Time-step configuration: To accurately capture converter-level dynamics, a fixed-step solver with a sampling
time of 1 s was used. Data were logged at intervals of one minute to ensure readability and clarity in the plots
that were produced.

Number of runs: To include renewable and EV-arrival variability:

« Three RE-penetration scenarios were simulated (84%, 52.5%, 20.1%)
« 10 Monte-Carlo runs per scenario were performed

Figure 7 shows the optimized PI-based hybrid model.

The findings of the fuzzy controller, which show how input variables are described for optimal EV charging
management, are displayed in Fig. 8. Three categories comprise the membership functions for EV power
demand, as shown in Fig. 8 (a): Low 0-7 kW, Average 7-13 kW, and High 13-19 kW. Since an EV’s power
requirement depends on both battery capacity and state of charge, this represents the demand variability caused
by these two elements. Due to their different battery capacity and states of charge (SOC), EVs have different
power requirements at the charging station. The majority of EV's are often charged at night, and while vehicles
with greater SOC need less time to fully charge, smaller vehicles like autorickshaws and cycles take 8 to 10 h. The
production of electricity is shown in Fig. 8 (b). Based on RES availability, the fuzzy sets Insufficient 0-6 kW, Fair
6-13 kW, and Sufficient 13-19 kW show the range of renewable power availability from low to high. As shown
in Fig. 8 (d), the charging time is divided into Peak Hours (0-6 h), when demand is at its peak and grid stress is
at its maximum, and Off-Peak Hours (6-20 h), when demand is lower and charging is more favourable. Finally,
Fig. 8 (c) depicts the existing tariff as Fixed for all hours 0-24, indicating that the cost of charging is constant
throughout all time slots. The Mamdani-type fuzzy inference system with centroid-based defuzzification can
ascertain the charging current and renewable utilization levels due to these membership functions, which are
modelled using triangle, trapezoidal, and Gaussian functions. This ensures that EV charging adapts dynamically
to variations in supply (0-19 kW), demand (0-19 kW), and charge duration (0-24 h) while maximizing the
integration of renewable electricity and maintaining cost effectiveness. When PV and FC outputs were high, the
controller automatically prioritized renewable energy, allowing the EMS to achieve a decrease in net tariffs with
growing net power generation. The system relocated EV charging into low-cost renewable hours, decreased grid

i Measure Inputs (PV,battery
SCO, EV demand)

PV power
sufficient

Supply load and charge
battery

Battery SOC
sufficient

Discharge battery Enable fuel cell

;H ,

‘ DMRPO-PI + Fuzzy control ‘

'

‘ EV charging output ‘

!

Fig. 6. Proposed methodology flowchart.
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Component Factors Range
Capacity 48Ah

Li-ion Battery Fully charged voltage 290.9968 V
Cut-off voltage 1875V
Irradiance 1000 W/m?
Short Circuit Current 8.67 A
Parallel strings 8

Solar PV Temperature 25C
Maximum Power 300.366 W
Open Circuit Voltage 45V
Series Connected Modules per string | 5
Input Resistance Inductor 120

Solar PV BC Input Capacitor 0.48uF
Input Inductance 1.2 mH
Total cells 65
Nominal cell voltage 1.2101 V
Normal Air Flow Rate 300 L/min

Fuel Cell Normal Composition(H,, O,, H,0) | (99.95,21,1)
Operating Temperature 65 Celsius
Normal Stack Efficiency 55%
Normal Supply Pressure[Fuel, Air] (1.5 ,1)bar
Fuel cell resistance 2.3677 ohms
Input Inductance 3.6mH

Fuel Cell BC Input Resistance 2.36Q2
Input Capacitor 0.13uF
Output Capacitor 0.16uF

Bidirectional converter Inductance L4mi
Input Capacitor 1.16 uF

Table 2. Simulation parameters.

Subsystem Parameter (symbol / unit) Role in control Operating range / limits
MPPT (IncCond) Perturbation limit on VpvV_{pv} (%) | MPPT step bounding +2% of VpvV_{pv}

DC Bus DC-link reference Vdc* (V) Outer voltage loop set-point | 400

DC Bus Allowable band for Vdc (V) Voltage regulation target 380-420 (+5%)

Fuel Cell+ DC/DC FC power PfcP_{fc} (kW) Dispatch limit 0-5

Fuel Cell+ DC/DC FC ramp-rate (W/s) Dynamic constraint <100

Scenario knobs (for results)

EV charging demand (kW)

Load case definition

Low<38, Medium 8-14, High > 14

Scenario knobs (for results)

RE penetration (%)

Mix for GHG/Cost

20.1,52.5, 84

Fuzzy controller

Input universes e, Ae (pu)

Rule-base inputs

[-L1][-1,1]

Fuzzy controller

Output universe u (pu)

Duty/command increment

[0,1][0,1]

Battery +Bi-DC/DC

State of charge SoC (%)

Energy mgmt. limit

20-90 (normal); 10-95 (hard)

Battery +Bi-DC/DC

Charge/discharge C-rate (C)

Current limiting

0.5-1C cont., 1-2C peak (<10 s)

Battery + Bi-DC/DC

Duty cycle DbiD_{bi} (pu)

Buck/boost actuator

0.05-0.95

Controllers (PI tuned by DMRPO)

K_p, K_i - PV boost

Inner current/voltage loops

Kp €[0,5], Ki€ [0,500]

Controllers (PI tuned by DMRPO) | Kp,Ki- DC bus Bus voltage loop Kp €10,10], Ki € [0,1000]
Controllers (PI tuned by DMRPO) | Kp,Ki - Bi-DC/DC Battery current loop Kp €10,5], Kie [0,500]
PV +Boost Irradiance GG (W/m?) Scenario input for MPPT 200-1000
PV +Boost Cell temperature TT (°C) Scenario input for MPPT 15-55
PV +Boost PV voltage VpvV_{pv} (V) MPPT measured variable 0.6-0.95 of VocV_{oc}
PV +Boost Duty cycle DpvD_{pv} (pu) MPPT/boost actuator 0.05-0.90
PV +Boost PWM frequency fpwmf_{pwm} (kHz) | Converter switching 10-25
Table 3. Control parameters and its operating ranges.
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Parameter (symbol) | Description (Tamil) Value (example) | Unit

Kp Proportional gain of PI 0.8 —

K; Integral gain of PI 50 57!
Sampling time (T_s) | Controller sampling period | 0.001 S

DMRPO population | Optimization population size | 30 individuals
DMRPO iterations Max iterations 100 iterations
Fitness tolerance Convergence threshold le-6 —
(Vae,res) DC bus reference voltage 400 A%

Ramp rate Charging ramp limit 0.5 kW/s
Simulation duration | Total sim time 3600 s(1h)

Table 4. Controller settings and algorithmic details.

Power EV Power Charging Existing
Generation Demand Period Tariff
AN \ / /
\ \ / /
Proposed DMRPO-PI+Fuzzy
Model
Pz N
~ N
EV Demand Power Power Generation

Fig. 7. DMRPO-PI-based fuzzy model.

import as RES availability increased and used optimal PI-based evaluations to minimize consumer charging
costs. Higher on-site generating therefore directly led to lower tariffs for the customer.

The results of the proposed approach are displayed in Fig. 9. Figure 9 (a) shows the variation in charging costs
with respect to EV power usage. At low demand levels of 1-5 kW, the cost of charging is constant at roughly
2-2.2 USD/kWh. When demand exceeds 6 kW, costs start to increase significantly. They peak at roughly 5.5
USD/kWh when demand is between 9 and 10 kW, after which they level out. This pattern highlights the charging
expenses are more expensive during periods of high demand and less expensive during periods of low or oft-peak
demand. This dynamic method enhances grid load balancing by encouraging electric vehicle owners to choose
off-peak charging periods. Figure 9 (b) shows the relationship between charging costs and power generation,
with charging costs remaining largely constant at 5.8-6 USD/kWh up to an 11 kW generation. After that, as
power generation increases, the cost of charging begins to decline dramatically and virtually vanishes when
generation reaches 16—-18 kW. This implies that EV users charge more affordably when renewable energy is more
accessible, which promotes charging during periods when solar resource contribution is high. Conversely, when
generation is limited due to an increased reliance on conventional grid electricity, charging costs rise. Figure 9
(c) shows the use of renewable energy as a function of power generation. Initially, renewable usage is quite low
up to about 5-6 kW. It then starts to gradually rise. Between 10 and 15 kW, utilization rises sharply from around
7 to 16 kW before stabilizing at about 17 to 18 kW when generation is at its peak. This clearly shows the charging
infrastructure’s integration of renewable energy sources supports sustainability targets by lowering charging
costs and increasing available power. All things considered, dynamic tariff adjustment is demonstrated by the
proposed PI-based hybrid EVCS model. Current EVCS systems maintain customer charging costs between
1.600 and 1.8666 USD/kWh, with a regulated base rate of 0.0817 USD/kWh. The proposed strategy accounts
for a few factors, such as EV demand, charging time, and the availability of renewable energy. This ensures that
EV users pay less when renewable resources are plentiful and supports grid stability by restricting excessive use
during demand peaks.

Figure 10 shows the time-varying charging cost (USD/kWh) for different EMS methods throughout a 24-h
period. In order to ensure a fair comparison across all demand levels and charging intervals, all cost values are
normalized using:
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Total charging cost(USD)

Charging Costs (USD/kWh) = Energy delivered (Wh)

(28)

The CC varies throughout the day, with the biggest charges being during peak hours (6:00 PM to 10:00 PM).
The ANN-based EMS ranged from 0.095 to 0.097 USD/kWh at peak hours, but the fuzzy-SSA technique records
charging rates of 0.1054 USD/kWh at 6:00 PM, 0.1024 USD/kWh at 8:00 PM, and 0.1094 USD/kWh at 10:00

Scientific Reports|  (2026) 16:10341 | https://doi.org/10.1038/s41598-026-40839-2 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

551 I A /V-—‘—‘-—'— _'_—'_'—_'_'_
5t
45+
4t
35+

3t

Charging Cost (USD/kWh)

25

Nma WWE, HEEEEEEE
SR TR M T SN AR BRI IR I
EV Demand Power (kW)

@)

:

£4r

=

172}

=

<3t \

1]

=}

&)

22

)

=

< Q

St \
0F \¥->—<)—<-o—1

ST S N I SO R SGCICIAN
Power Generation (kW)

(b)

e

=
2
E 12 /
= /
=] ™
2 10 | et
=
]
8 /
=
&
6 4

LY

2

VYA S 0ADIIDIOCE N B
Power Generation (kW)

©

Fig. 9. Outcomes of proposed optimized PI-based hybrid model (a) EV power demand vs charge cost, (b)
Power production vs charge cost, and (c) power generation vs RE usage.

PM. The proposed approach performs better by maintaining a much lower peak-hour CC of 0.06-0.061 USD/
kWh. As electricity prices decline during off-peak hours, the CC for all algorithms lowers after 10:00 PM. In
comparison to fuzzy-SSA (0.0274-0.0434 USD/kWh) and DNN-LSC (0.021-0.03 USD/kWh), the proposed
method consistently produces the lowest values throughout the day, reaching a minimum CC of 0.009-0.015
USD/kWh between 10:00 AM and 2:00 PM. This proves that the proposed PI-based hybrid method reduces
charging costs more successfully than traditional methods. When compared to peak-hour flat-rate tariffs utilized
in many EVCS settings, the proposed method’s lowest observed CC is 0.009 USD/kWh.

Figure 11 shows an analysis of CCs under various RE penetration scenarios compared to present ones.
Encouraging EV users to recharge their batteries during off-peak hours could help minimize demand during
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Fig. 11. CC evaluation of the proposed algorithm.

peak hours. Solar energy during the day not only maximizes the use of RES but also minimizes the quantity
of additional batteries required for the EVCS. The proposed approach encourages the incorporation of hybrid
RES in EV CSs, strengthening the distribution network, by reducing EV load demand during peak hours. By
encouraging EV owners to recharge their batteries during off-peak hours, when renewable utilization is at its
highest, the proposed algorithm improves the overall energy management strategy while lowering prices for
consumers. Additionally, this energy management approach significantly lowers greenhouse gas emissions as
compared to conventional utility grid-based EVCS, supporting environmental sustainability.

The greenhouse gas discharges from the proposed EVCS and a typical grid-connected EVCS are contrasted
in Fig. 12. The graph shows that as more RE is used, there is less needed to draw energy from the utility system
to satisfy the increased demand for electricity than what is produced, which lowers indirect greenhouse gas
emissions than traditional approaches, like MHS, DNN-LSC Fuzzy-SSA, and ANN-based EMS. It is possible to
reduce greenhouse gas emissions to a maximum of 54.8% by utilizing a combination of 84% RE and 16% fossil
fuel. The chart shows that a drop in GHG emissions from the EVCS is correlated with an increase in the use of
RE.

Standard power emission factors were used to compute operational GHG emissions to assure transparency of
the reported 54.8% reduction. Fossil fuel-based electricity was subject to a grid emission factor of 0.82 kg CO2/
kWh, and renewable energy sources (PV and FC operation) were determined to have zero emissions during
operation. The emissions that were prevented were observed by:
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where, Egrid,existing is the amount of utility grid electricity required by existing EVCS, and Egrid,proposed 18
the reduced grid energy demand achieved by the optimized PI based hybrid model EMS.

Asshown in Fig. 13, the proposed optimization method is implemented on weekdays and weekends to evaluate
its performance. On weekdays, EV drivers are more likely to arrive to the EVCS in the evening and remain till
the next day. On the other hand, on weekends, EV drivers typically begin charging their vehicles at 10 AM and
end it at midnight. Weekends have a lower charge fee since most charging occurs during oft-peak hours, when
solar energy is available. However, the majority of EVs arrive during peak hours on weekdays, when renewable
power is scarcer and charging rates are higher. The simulation’s findings indicate that the average cost of charging
is 0.088 USD/kWh on weekends and 0.086 USD/kWh during the week. The new EVCS significantly reduces
charging costs by 45.26% during the week and 56.11% during the weekend when compared to the average cost.
The distribution network is significantly impacted by EV charging, particularly during peak load times when it
increases power loss and voltage fluctuations. However, both consumers and the power infrastructure gain from
charging during off-peak hours. Peak hours are from 5 to 11 PM, while off-peak hours are from 11 to 5 PM. Due
to lower power consumption, the charge rate is lower during off-top hours than it is during top hours.

System stability is impacted by rapid EV charging and discharging events, which cause variations in DC-bus
voltage and power balance. The proposed controller maintains voltage within bounds and reacts swiftly to these
fluctuations. The controller ensures steady operation under various charging patterns and minimizes transients
during sudden shifts in EV load.

The Table 5 presents the time-of-use pricing structure applied in this study for all charging-cost evaluations.
A flat-rate value of 0.120 USD/kWh is defined as the single consistent baseline against which all reductions are
measured.

The relationship between charging cost and solar irradiation throughout the day is depicted in Fig. 14. The
charging cost is still high at 0.058-0.060 USD/kWh under low irradiance (200-300 W/m? between 6 PM and
8 AM). Between 11 AM and 12 PM, the cost decreases dramatically to 0.007-0.010 USD/kWh as irradiance
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Time Tariff Type | Cost (USD/kWh)

Peak Peak 0.120

Off-Peak | Off-Peak 0.034

Weekend | Weekend 0.088

Weekday | Weekday 0.086

Table 5. Time-of-use tariff structure used for EVCS cost evaluation.
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Fig. 15. Comparison of efficiency.

rises to 900-1000 W/m?. The cost increases once more in the afternoon when irradiance decreases, indicating
efficient use of renewable resources and steady EMS response.

Figure 15 compares the effectiveness of several EMS methods. While DNN-LSC?* and Fuzzy-SSA?
demonstrate marginal increases at 82% and 80%, respectively, the MHS?? approach reaches about 78%. At 84%,
the performance of the ANN-based EMS? is slightly higher. With an efficiency of almost 92%, the proposed
optimized PI-based hybrid model performs better than all other techniques, indicating a significant advancement
over current methods. This validates the better control stability and energy efliciency attained by the proposed
approach.

The proposed DMRPO technique, as shown in Fig. 16, achieves the lowest and fastest convergence, drastically
lowering the goal value from 0.25 to about 0.015 in the first ten rounds. By comparison, Whale Optimization
Algorithm (WOA) drops from 0.24 to about 0.028, Particle Swarm Optimization (PSO) drops from 0.23 to
almost 0.03, while Grey Wolf Optimizer (GWO) stays at 0.25 for several rounds until settling at almost 0.035.
Among all approaches, DMRPO not only converges earlier but also achieves the lowest final value. These findings
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Case (RE %
/ Fossil %) MHS | DNN_LSC | Fuzzy_SSA | ANN_based_EMS | Proposed
Case-A: 84%
RE/16% fossil | 0> | 044 0.39 0.36 0.31
Case-B: 52.5%
RE / 47.5% fossil | %7 | 049 0.35 0.32 027
Case-C: 20.1%
RE /79.9% fossil | 004 | 053 0.42 0.37 0.29

Table 6. GHG emissions (normalized units) across methods and cases.

Comparator / Case Case-A | Case-B | Case-C
reduction in GHG vs EVCS 76.40% | 68.15% | 56.20%
reduction in GHG vs DMO +Fuzzy | 63.85% | 61.30% | 50.75%
reduction in GHG vs RPO +Fuzzy | 39.20% | 33.90% | 17.45%

Table 7. Relative improvement of the proposed method.

verify that, in comparison to other methods, DMRPO offers better optimization accuracy, faster convergence,
and more consistent performance for controller tuning.

The GHG emissions (normalized units) for each technique and scenario are displayed in Table 6. With
values of 0.31 in Case A, 0.27 in Case B, and 0.29 in Case C, the proposed optimized PI-based hybrid approach
outperforms the other approaches and produces the lowest emissions in every cases. The relative improvement
of the proposed approach (GHG reduction compared to the comparator, case-wise) is displayed in Table 7. By
reducing GHG emissions by 76.40% when compared to EVCS, 63.85% when compared to DMO + Fuzzy, and
39.20% when compared to RPO + Fuzzy, the suggested method achieves the greatest decrease. These results show
that the proposed approach consistently outperforms the benchmark methods, with the biggest effect being
shown when renewable energy sources dominated.

Conclusion

For a DC microgrid-based electric vehicle charging station, this research presented an adaptive intelligent
energy management system that combines battery storage, fuel cells, and photovoltaic generation. To improve
power coordination and sustain stable converter performance under varying renewable energy availability and
EV charging demand, a hybrid controller that combines fuzzy logic with DMRPO-optimized PI tuning was
developed. By offering quicker convergence, enhanced stability, and reliable decision-making, the proposed
optimized PI-based hybrid method effectively addressed significant shortcomings in current EMS systems.
The optimized hybrid EMS significantly reduces operating costs, increases the use of renewable energy, and
improves microgrid reliability, according to simulation results. During high-irradiance periods, charging prices
were decreased to 0.009-0.015 USD/kWh, while average workday and weekend charges were lowered to 0.086
USD/kWh and 0.088 USD/kWh, respectively reductions of 45.26% and 56.11% when compared to traditional
systems. Furthermore, a maximum decrease of 54.8% in greenhouse gas emissions was attained by the
proposed approach, which was verified using corrected grid-energy calculations and standard emission factors.
Even during fast EV charging and discharging events, voltage regulation and power balance were effectively
maintained, demonstrating the controller’s resilience in dynamic microgrid situations. Future research should
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examine the implications of rapid battery charging and discharging as well as the fast-reaction properties of the
hybrid algorithm for possible implementation in AC and hybrid microgrids.

Data availability
The datasets used and/or analyzed during the current study are available from the first author on reasonable
request.
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