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The rapid electrification of transport demands EV charging stations supplied by clean, reliable power. This paper
presents an optimal sizing framework for an off-grid hybrid renewable microgrid combining photovoltaic arrays,
wind turbines, battery energy storage (BESS), and hydrogen energy storage (HESS) to achieve zero loss of power
supply probability (LPSP = 0). A four-objective Indicator-Based Evolutionary Algorithm (IBEA) is used to
minimize levelized cost of energy (LCOE), curtailment ratio (CR), and LPSP while maximizing renewable fraction
(RF). The method is tested in two locations: Attaka, Suez Governorate (Egypt) and Yalova Province (Tiirkiye),
quantifying how climate and finance affect sizing and cost. Tiirkiye attains a lower LCOE of $0.0173/kWh with
RF =53.03 % and CR = 17.11 %, versus Egypt's $0.0261/kWh, RF = 50.35 %, and CR = 27.67%—a 51.3 % cost
advantage driven by balanced solar-wind resources and higher EV demand. Egypt requires substantially larger
BESS capacity (227 units vs. 34) to manage solar variability due to its solar-dominant resource profile. Sensitivity
analysis reveals that discount and inflation rates dominate LCOE variation (+18-23 % impact), while wind speed
and load demand drive operational performance (+15-18% impact). Critical break-even thresholds are 47.5-50
% (Tiirkiye) and 27.75-30 % (Egypt), indicating Egypt's greater financial fragility. All designs satisfy the strict
zero-LPSP constraint (<0.001 %), confirming the effectiveness of coordinated battery—hydrogen storage for
reliable, cost-effective EV charging across diverse climatic and economic contexts.

1. Introduction

The global acceleration of electric vehicle (EV) adoption is placing
unprecedented demands on energy infrastructure. Conventional grid-
powered charging increases electricity consumption contributes to
voltage fluctuations and transformer overloads and perpetuates reliance
on fossil fuel-based generation [1,2]. As EV penetration rises, coordi-
nated management of charging loads becomes essential to avoid grid
instability [3]. Renewable energy-based microgrids offer a promising
localized solution by integrating distributed generation with energy
storage and intelligent energy management to serve EV charging loads
with substantially reduced emissions and improved energy indepen-
dence [4,5]. Well-optimized systems have demonstrated renewable
fractions exceeding 90 %, LCOE values of $0.02-0.11/kWh, and

near-zero loss of power supply probability [6,7]. However, achieving
this performance simultaneously across economic, environmental, and
reliability dimensions remains a complex multi-objective design prob-
lem that is further complicated across diverse geographic and economic
contexts.

1.1. Energy storage technologies for EV charging microgrids

PV-wind hybrid systems with appropriately sized storage consis-
tently achieve low LCOE ($0.02-0.08/kWh) and very low LPSP while
substantially reducing emissions [8-11]. Storage technology critically
determines performance. Battery energy storage systems (BESS) offer
high round-trip efficiency and fast response, ideal for intra-day
balancing and EV fast-charger buffering but become cost-prohibitive
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for multi-day autonomy and suffer cycling-dependent degradation [8,
12]. Hydrogen energy storage systems (HESS) electrolyzers, tanks, and
fuel cells—provide high energy capacity suited for long-duration and
seasonal storage but at lower round-trip efficiency and higher capital
cost [13,14].

The complementary nature of these technologies is well recognized.
In hybrid configurations, batteries handle frequent intra-day fluctua-
tions while hydrogen covers extended low-renewable periods, reducing
total system cost relative to single-technology designs [12,15]. Zhang
et al. implemented an islanded DC microgrid with both BESS and HESS
for an electric-hydrogen hybrid refueling station [16]. Abdelghany et al.
coordinated both storage types via model-predictive control in a wind-
—solar microgrid with EV users [17]. Giiven et al. found that PV/wind
with both batteries and hydrogen formed the optimal storage backbone
for EV charging in Tiirkiye [7]. Elkholy et al. showed that combined
BESS-HESS backup yields the best techno-economic and reliability
performance for EV loads in remote microgrids [18]. Despite this
progress, joint sizing and operation of BESS and HESS specifically for EV
charging microgrids under strict zero-LPSP constraints remains rare.
Most zero-LPSP demonstrations target residential or generic loads rather
than the high-power, stochastic demand profiles characteristic of EV
charging stations [8,19]. Critically, EV-charging cases achieving strict
0 % LPSP rely on batteries and/or grid/diesel backup rather than a true
battery-hydrogen hybrid [20,21].

1.2. Multi-objective optimization for microgrid design

Designing EV charging microgrids is inherently multi-objective.
NSGA-II dominates the field, applied to campus microgrid sizing [22],
hybrid EVCS design [23], and coalition scheduling [24]. Other widely
used algorithms include NSGA-III, MOEA/D, MOPSO, and numerous
metaheuristics such as IHHO, ISSA, CPSO-ACA, and MOMFA [25-27].
MILP with e-constraint methods has also been applied for bidirectional
EVCS scheduling [28]. Typical objectives include LCOE/TNPC, LPSP,
emissions, and power quality metrics [29,30], with constraints on power
balance, SOC bounds, and EV arrival patterns [31]. Formal algorithm
comparisons using hypervolume, generational distance, and spread
metrics are available for this problem class [23,32,33].

Recent research on hydrogen refueling stations (HRS) continues to
validate the superiority of hybrid renewable configurations. For
instance, Okonkwo utilized HOMER Pro to demonstrate that a PV/Wind
hybrid energy system presents the most advantageous techno-economic
metrics for a refueling station in Geelong, Australia, achieving an LCOE
of $0.4347/kWh. While such studies establish baseline viability, they
often rely on single-objective tools, underscoring the need for the multi-
objective optimization framework proposed in this study to address
more complex trade-offs [34]. However, no study simultaneously treats
LCOE, curtailment ratio (CR), renewable fraction (RF), and LPSP as four
competing objectives in a single formulation [35,36]. Most include at
most two or three, moving others into constraints or post-hoc evalua-
tion. The Indicator-Based Evolutionary Algorithm (IBEA) offers a
distinctive approach: it directly optimizes quality indicators—typically
hypervolume—providing  better Pareto-front convergence on
many-objective problems without explicit niching parameters [32].

1.3. Reliability and zero LPSP

For EV charging infrastructure, reliability is a prerequisite for user
adoption and commercial viability. Zero LPSP—every unit of demand
met at every hour across the full annual cycle—is the appropriate design
target. Enforcement typically takes two forms: hard constraint with
infeasibility penalty [37,38], or soft objective on a Pareto front from
which near-zero solutions are selected [39,40]. Only a small subset of
studies verifies strict zero LPSP over a complete 8760-hour simulation:
Chen et al. for a standalone PV EVCS, Bilal et al. for a grid-tied PV/wind
EVCS, and Sadeghi et al. using MOPSO and NSGA-II for residential
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microgrids [21,41,42].

The cost implications are significant but manageable. Moving from
relaxed reliability (LPSP =~ 0.05-0.1) toward near-zero typically in-
creases LCOE by 10-20 % in off-grid systems [43,44], though
grid-connected systems achieve this at substantially lower premiums
[37]. Three critical findings emerge: zero LPSP is rarely enforced as a
global hard constraint across the entire optimization [45,46]; among
hybrid battery-hydrogen studies, none enforce LPSP = 0 as a hard
constraint [47,48]; and EV-charging cases achieving verified 0 % LPSP
use battery-only or grid/diesel backup, not hybrid battery-hydrogen
storage [20].

1.4. Regional context: Egypt and Tiirkiye

Optimal microgrid design is inseparable from geographic and eco-
nomic context. Egypt and Tiirkiye present an ideal comparative pair for
investigating how contrasting renewable resource profiles and EV
market maturity interact with similar macroeconomic volatility. The
study examines two representative geographic locations: Suez Gover-
norate, Attaka, Egypt (29°40.3'N, 32°20.1E) and Yalova Province,
Tiirkiye (40°39.1'N, 29°13.2'E). The Egyptian site, located along the
Suez-Ain El Sokhna Road, represents an emerging EV charging infra-
structure corridor in an industrial transitional zone. The Turkish site at
Yalova University Central Campus situates the analysis within the high-
EV-potential Istanbul-Bursa metropolitan corridor.

Egypt is a solar-dominant developing economy with annual solar
irradiance of 3.0-8.15 kWh/m?/day, moderate wind speeds of 5.1-5.9
m/s, a nascent EV market [49,50], and high macroeconomic volatility
(35 % nominal interest rate, 34 % inflation). Egypt targets 42 %
renewable energy by 2030. Tiirkiye offers a diversified renewable
portfolio—solar capacity doubled to 19.6 GW by end of 2024, with a 120
GW wind-solar target by 2035—a more developed EV market, and
similarly volatile macroeconomic conditions (47.5 % interest rate, 47.09
% inflation). These contrasting conditions—Egypt's solar-centric
resource dependency versus Tiirkiye's balanced renewable mix,
coupled with Egypt's emerging versus Tiirkiye's mature EV adop-
tion—create a natural experimental framework for sensitivity analysis
while shared macroeconomic volatility ensures economic parameter
comparability. While recent studies have made significant strides in the
frequency control and stability of diesel-integrated microgrids in Egypt
using Adaptive and Fuzzy PI controllers [51,52], there remains a gap in
the techno-economic optimization of fully renewable (diesel-free) sys-
tems that integrate hybrid hydrogen storage for stochastic loads.

Existing Tiirkiye-linked work includes Giiven et al., who optimized
hybrid systems for EV charging in the Cukurova region. Egypt-linked
work includes Hassan, who simulated a hydrogen microgrid in Aswan
for general loads, not EV charging [5,53]. However, no published study
optimizes EV-focused charging microgrids with integrated hydrogen
storage across these two countries using a unified methodology, nor
does comparable work examine cross-regional sensitivity to financial
and operational parameters. No study presents a techno-economic
optimization of an EV-focused charging microgrid with hydrogen stor-
age compared across Egypt and Tiirkiye. More broadly, cross-country
comparative studies of EV charging microgrids are virtually absent
from the literature; existing comparisons are multi-site within single
countries [54-56]. Sensitivity analyses show that financial parameters
(discount and inflation rates) and operational parameters (wind speed,
solar irradiance) drive cost and performance variation [57,58], yet
cross-regional comparative sensitivity analysis remains a notable void.

1.5. Comparison with state-of-the-art studies

Table 1 positions this work within the recent literature (2021-2025).
No existing study simultaneously optimizes LCOE, CR, RF, and LPSP
using a formal multi-objective algorithm with hybrid battery-hydrogen
storage across multiple countries. IBEA has not applied to this domain.
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Table 1
Comparative summary of state-of-the-art studies on renewable microgrid optimization for EV charging (2021-2025).
Year Study Region Optimization System Financial Main Results Limitations Refs.
Algorithm Configuration Viability
Metrics
2025  Gukurova, HOMER PV/WT/Biomass/ LCOE, NPC LCOE = $0.0215/kWh; high self- Single region; no multi-objective [5]
Tiirkiye Hz/Grid sufficiency with PV 4 biomass + H.  optimization; no LPSP
+ grid enforcement; HOMER-based tool
only
2025 NEOM, Saudi HOMER PV/WT/BESS/H2 NPC, LCOE, Hybrid BESS-Hz improves energy Single site; no EV-specific [13]
Arabia (3 configurations) LPSP dependability vs. battery-only at stochastic load model; LPSP
somewhat higher NPC evaluated post-hoc, not enforced
as hard constraint
2024 Island and urban MMOSSA PV/WT/BESS-VSG TNPC, LCOE, LCOE ~ $0.038-0.047/kWh; ~89 % No hydrogen storage; LPSP used in [4]
networks + EVCS CO: CO:2 reduction vs. reference case numerical comparison, not as
optimization constraint; single-
country scope
2024 Generic (hotel + QIBWO PV/WT/BESS + LCOE, LPSP LCOE = $0.053/kWh; LPSP ~ 0.001 No hydrogen storage; single site; [7]
EVCS) Hotel + EVCS %; RF = 95.8 % no curtailment ratio optimization;
no regional comparison
2024 Saudi Arabia (EV NSGA-II, NSGA- PV/WT/BESS + TNPC, LPSP NSGA-II achieves best convergence Battery-only storage; bi-objective [40]
charging) 111, MOEA/D, EVCS and diversity; near-zero LPSP on formulation (TNPC vs. LPSP); no
MOPSO Pareto front CR or RF as objectives; no cross-
regional analysis
2024  India (grid-tied POA and PV/WT/Grid + TNPC, LCOE, LPSP swept from 0 % to 5 %; LCOE  Grid-tied with no hydrogen [59]1
EVCS) metaheuristics EVCS LPSP = $0.038-0.08/kWh across storage; LPSP treated as
configurations parametric sweep, not hard
constraint; single country
2025  Generic CPSO-ACA PV/WT/FC NPC, LCOE, Standalone system with fuel cell No battery-hydrogen co- [26]
(standalone EV) (standalone) LOLP, LOLE, serves stochastic EV load; reliability ~ optimization; reliability via LOLP
LOEE via LOLP indices family, not explicit LPSP = 0; no
regional comparison
2024  United Kingdom Custom simulator ~ PV/WT/Hybrid MCOE, NPC Second-life Li-ion gives lowest total ~ No hydrogen storage; no EV- [6]
BESS (Li-ion, LA, cost; hybrid BESS deepens usable specific stochastic charging model;
2nd-life) DoD single region; no multi-objective
framework
2024  United Kingdom MILP PV/WT/Hybrid NPC, EENS Hybrid BESS cuts storage cost Battery-only (no hydrogen); EV [8]
BESS 4.6-21 % vs. single battery load profiles simplified; single-
technologies; ageing deferred region analysis
2024 Remote area Comparative PV/WT/BESS/ TNPC, LCOE Combined BESS-HESS-EVB backup No formal multi-objective [18]
analysis HESS/EVB (V2G) gives best techno-economic and optimization; no LPSP =
reliability performance for EV loads 0 enforcement as hard constraint;
single site
2025  Generic Multi-objective RES/H: storage + Cost, losses, Multi-service hydrogen scheduling No cross-regional comparison; [60]
distribution grid scheduling EV charging + Hz emissions, for battery-EV and fuel-cell-EV LPSP not explicitly constrained; no
stations voltage stations sensitivity to macroeconomic
security parameters
2024  Malaysia HOMER PV/WT/BESS/Hz/ NPC, LCOE, Hydrogen storage integrated with HOMER-based single-objective [61]
(multiple Grid + EVCS CO: grid-connected EV charging; tool; single country; no formal
locations) location-dependent optimal mixes multi-objective optimization; no
LPSP enforcement
2025 New HOMER PV/WT/DG/BESS/ NPC, LCOE, Islanded AC microgrid with full PV- Includes diesel generator (not fully [62]
Administrative FC/ELZ/HT RF WT-DG-BESS-FC-ELZ-HT hybrid renewable); general school load,
Capital, Egypt configuration no EV-specific demand; single site;
no multi-objective optimization
2026 Egypt & Tiirkiye IBEA (4- PV/WT/BESS/ LCOE, CR, RF, Egypt: LCOE = $0.0261/kWh, RF Assumes perfect component This
(comparative) objective) ELZ/FC/H-T (no LPSP = 50.35 %, CR = 27.67 %, LPSP =  availability; single-year climate study

diesel)

0; Tiirkiye: LCOE = $0.0173/
kWh, RF = 53.03 %, CR = 17.11
%, LPSP = 0

data; rule-based EMS

The present study addresses all these gaps.

1.6. Research gaps, objectives, and contributions

The preceding analysis reveals six interrelated gaps:

e Gap 1. No study simultaneously optimizes LCOE, CR, RF, and LPSP

as four competing objectives for EV charging microgrids.

e Gap 2. Zero LPSP is rarely enforced as a hard constraint; among
hybrid battery—hydrogen studies, none impose strict LPSP = 0 for EV
charging.

e Gap 3. Hybrid battery-hydrogen storage co-optimized for stochastic
EV charging demand under strict reliability constraints remains
largely unexplored.

e Gap 4. No cross-country comparative analysis of EV charging

microgrids exists using a unified optimization framework.
Gap 5. IBEA has not been applied to EV charging microgrid

optimization.

e Gap 6. Cross-regional sensitivity analysis comparing how identical
designs respond to contrasting macroeconomic environments is.

The research objectives and corresponding contributions are:

Develop a four-objective IBEA optimization framework (LCOE, CR,
RF, LPSP) with zero-LPSP as a hard constraint using hybrid batter-
y-hydrogen storage for EV charging (Gaps 1, 2, 3, 5).

e Design a rule-based EMS with AC/DC load prioritization and load
shifting tailored to stochastic EV charging demand (Gap 3).
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e Conduct the first comparative Egypt-Tiirkiye analysis of EV charging
microgrids using a unified methodology (Gap 4).

e Perform comprehensive cross-regional sensitivity and break-even
analysis across financial and operational parameters (Gap 6).

2. Methodology

This section presents the methodological framework for the effective
design, functioning, and efficiency of the hybrid renewable energy
microgrid, considering the main objectives—namely LCOE and LPSP or
CR minimization while increasing RF. The main goals in optimizing
renewable energy modeling are surplus and deficit power management,
dynamic load priority management, and multi-objective optimization
using a meta-heuristic IBEA.

2.1. System modeling

The proposed microgrid system integrates solar photovoltaic panels,
wind turbines, battery energy storage systems, hydrogen storage units,
and electric vehicle supply equipment to sustain electric vehicles in
residential communities. Fig. 1 illustrates the architecture of the system.
In this simulation, an hourly time resolution over a one-year horizon is
assumed, which presents a good balance between computational effi-
ciency and temporal granularity. This resolution captures the diurnal
variations in renewable energy generation, demand patterns, and stor-
age dynamics while offering an accurate representation of system per-
formance for a wide range of operational scenarios with manageable
computational complexity.

2.1.1. Battery energy balance

The battery's state of charge (SOC) is updated at every step based on
charging and discharging operations:

Battery Charging Model:

Pra, charge (£) Tpa At

1
Ebat ( )

SOC(t) = SOC(t— 1) +

Battery Discharging Model:

EV Charging Staion
Load

Grid

Converter

wind Turbine
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_ Prar discharge (£)- At

SOC(t) = SOC(t—1) o
al at

@

The battery SOC is constrained as follows:

SOCmin S SOCt S SOCmax
where:

e SOC(t)= State of Charge at time t ( %)

® Py charge (t)= Battery charging power at time t (kW)

® Py gischarge (t)= Battery discharging power at time t (kW)

® 1pq= Battery round-trip efficiency (0.97 for Li-ion; unitless)

e Ejp,= Total battery capacity (kWh)

e At= Time step (1 hour)

® SOCin, SOCrax= Minimum and maximum SOC constraints (set to
20 % and 95 %, respectively, to preserve battery lifespan)

2.1.2. Hydrogen tank dynamics

The hydrogen tank serves as long-term energy storage, converting
surplus electricity into hydrogen via electrolysis and utilizing hydrogen
fuel cells for electricity generation during periods of energy deficit. This
section details the mathematical model governing the system's hydrogen
production, storage, and consumption.

Electrolyzer Operation:

Pe (t)'r]el

HZproduced(t) = TV . At (3)

Where:

® Hyproducea(t)= Hydrogen production rate at time t (kg/h)

e P, (t)= Electrolyzer input power at time t (kW)

e 1,,= Electrolyzer efficiency (0.85; unitless)

e HHV = Higher Heating Value of hydrogen (39.4 kWh/kg)

Fuel Cell Operation:

The fuel cell power output is constrained by both its maximum ca-
pacity and the available hydrogen:

~a

Electrolyzer

Fuel Cell

Fig. 1. Hybrid renewable microgrid system architecture.
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. Hiank (£)-HHV-1
Pfc (t) = min (Pfa maxs %M) (4)
where:

e Py (t)= Fuel cell power output at time t (kW)

® Pf max= Maximum fuel cell rated power (kW)

e H,q (t)= Hydrogen stored in tank at time t (kg)
e 7)5.= Fuel cell efficiency (0.60; unitless)

Hydrogen Consumption:

The hydrogen consumed by the fuel cell is calculated based on the
power output, efficiency, and energy content:

t)-At

AH>consumed (t) = L 5

2 a(t) HHV1, 5)

Hydrogen Tank State:

The hydrogen tank state is updated by accounting for the hydrogen
produced and consumed during each time step:

Htank(t) = H[ank(t - 1) + H2pruduced(t) - AHZcon.su.med(t) (6)

Hydrogen storage is subject to the following constraints to ensure
safe and efficient operation:

Hmin S Htank(t) S Hrnax
where:

e Hpyin, Hpox= Minimum and maximum hydrogen tank storage ca-
pacity constraints (kg)

e H,;, is set to 10 % of H_max to maintain system responsiveness

e Hp,q, is optimized as a decision variable in the IBEA framework

This integrated system dynamically manages energy across multiple
storage and generation subsystems, optimizing efficiency and opera-
tional resilience. The hydrogen subsystem specifically addresses the
needs for long-duration energy storage, complementing the battery
storage system, which is faster responding but capacity-limited, to
ensure a reliable power supply under all operating conditions.

2.2. Renewable energy generation modeling

2.2.1. Photovoltaic (PV) power generation

The PV power output is a crucial system element, and its perfor-
mance is modeled using the following equation. The hourly PV power
output is determined based on solar irradiance data utilizing a modified
one-diode model:

PPV(t) = Prated,PV'NPVfdf‘Gt(t)' [1 +Kt‘ (Tc,t - Tref)} (7)

where:

e Ppy(t)= Photovoltaic power output at time t (kW)

e Npy= Number of PV panels (decision variable; unitless)

e P, ..apv= Rated power of single PV panel (5 kW per unit)

e fq= PV derating factor accounting for soiling, mismatch losses, and
wiring losses (0.8; unitless)

e G(t)= Solar irradiance at time t (kWh/m?/day)

¢ Gr= Reference solar irradiance (1 kWh/m?/day)

e K,= Temperature coefficient of performance (—0.005/°C)

o T.(t)= PV cell temperature at time t (°C), calculated as:

Gi(t)

T.(0) = Ta(0) + Lo

(NOCT — 20)
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where T,(t) is ambient temperature and NOCT is the Nominal Operating
Cell Temperature (47°C for standard modules).

e T, = Reference cell temperature (25°C)

This equation models the conversion of solar irradiance into elec-
trical energy, a fundamental aspect of cleaner energy generation. The
model incorporates cell temperature dynamics through the NOCT-based
approach, ensuring accurate representation of PV performance across
the seasonal temperature variations observed in both Egypt and Tiirkiye
(Figs. 7 and 10).

2.2.2. Wind turbine (WT) power generation

Wind energy generation is modeled using the following piecewise
function. The hourly WT power output, denoted as (P_WT(t)), is
modeled by:

0
V(t)3 _ v3_ Vei Z V(t) Z Veo
PWT(t) = NWT . PWTmted wr v 3_CI Vei < V(t) S Vr (8)
r oy <Y(t) < Ve
Nwr - PWr,yequr
where:

o Py (t)= Wind turbine power output at time t (kW)

Nwr= Number of wind turbines (decision variable; unitless)

P,oea wr= Rated power of single wind turbine (100 kW per turbine)
v(t)= Wind speed at time t (m/s)

v.;= Cut-in wind speed (3 m/s)

Veo= Cut-out wind speed (25 m/s)

v,= Rated wind speed (12 m/s)

This model captures the operational thresholds and power output
across varying wind regimes, with air density correction optionally
applied for high-altitude sites. The piecewise formulation reflects the
characteristic power curve of horizontal-axis wind turbines, ensuring
realistic representation across the consistent wind speed ranges
observed in both study locations (Fig. 6 and 9). Air density correction for
high-altitude sites is not applied, as both Egypt (Suez, 29°40.3'N,
32°20.1'E) and Tiirkiye (Yalova, 40°39.1'N, 29°13.2E) are at low ele-
vations with standard sea-level air density (~1.225 kg/m®).

2.3. EV Charging station model

This section formalizes the mathematical representation of EV
charging station loads by incorporating vehicle properties, charging
preferences, environmental factors, and load prioritization strategies.
The model integrates probabilistic approaches, dynamic time-based
arrival patterns, non-linear charging behavior, and ecological effects
to analyze EV charging station operations comprehensively.

2.3.1. Model assumptions
The following assumptions underpin the model:

1. All chargers are equally available and fully operational throughout
the simulation.

2. Vehicle arrivals follow Poisson distribution and are assumed to be
independent of each other.

3. Users select chargers based on a probabilistic model influenced by
time of day and vehicle capabilities.

4. Weather, temperature, and grid fluctuations affect the load profile
probabilistically.

5. Vehicles aim to reach a target SOC between 85-95 %.

6. Once assigned, a vehicle remains on the same charger until charging
is complete.
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2.3.2. Vehicle properties

Vehicle properties are characterized probabilistically to reflect fleet
diversity:

Battery Capacity Distribution:

Battery capacity follows a normal distribution, reflecting variability
from manufacturing processes and battery aging effects:

e, ~ 1 (e, 0%, ) ©

This assumption aligns with the Central Limit Theorem, as multiple
independent factors influence battery capacity [63,64]. Capacity varies
by vehicle type and regional fleet composition.

Maximum Charging Rate Distribution:

The maximum charging rate is modeled using a truncated normal
distribution, ensuring values remain within realistic operational limits:

Hpe ~ A trunc (ﬁpmaxy O'fvm“ » Pmin, Pmax) 10)

Truncation bounds (P, = 1kW, Py, = charger power rating) ensure
realistic values.
Initial and Target State of Charge:
The initial SOC follows a uniform distribution, reflecting the vari-
ability in user behavior:
SOC; ~ U(SOCpin, SOCpax) an
User-defined target SOC varies probabilistically:
SOC, = 85+ 10-¢, &~ U(0,1) 12)

Initial SOC reflects typical arriving vehicle conditions. Target SOC
reflects user preference for adequate range without full charging
(reducing time and degradation).

Energy Required and Charging Duration:

The energy required to charge from initial SOC to target SOC is:

SOC, — SOC;
Erequired = # X ,ucb (13)

Charging Power (Pparg)
The charging power depends non-linearly on SOC:

Pma.x‘fcurve (SOC) (14)

Charging duration is calculated as:

P charge =

_ Erequired
te=—F—|

minutes) 1s)

avg

where Pq is the average charging power accounting for power tapering
across the SOC range.

2.3.3. Vehicle arrival model
Vehicle arrivals follow a non-homogeneous Poisson process,
reflecting time-of-day variations:

A(h) = Avasefrime (h) (16)

Time-of-Day Factor:
The time-of-day factor adjusts arrival rates based on typical
commuting patterns. For weekdays, the factor is modeled as:

0.25 h e [1,5) (night)
1.50 he|[7,9) (morning peak)
fiime(h) = < 0.80 h € [10,14) (midday) 17)
1.80 h e [16,20) (evening peak)
0.50 h e [21,24) (late evening)

On weekends, the arrival rate is scaled:

lweekend =0.65 x j«weekday(h) (18)
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2.3.4. Charger assignment and queue management

Assignment Algorithm: When a vehicle arrives, the system at-
tempts assignment to an available charger of the requested type. If no
chargers are available, the vehicle enters a queue.

Queue Processing: At each time step, queued vehicles are assigned
to chargers as they become available (FIFO discipline). Queue length
and wait time statistics are recorded for each charger type:

queueLength(t) = numberofvehicleswaiting 19
e active chargers
chargerUtilization(t) = “total chargers (20)
2.3.5. Hourly load aggregation and environmental adjustments
The total hourly load aggregates active charging sessions:
Prowr = Z Pcharge (t) (21)

sessions in hour h

Load is aggregated at 1-minute resolution across 525,600 minutes
(annual simulation) and accumulated into 24-hour bins.
Environmental Adjustments:

Padjusted (h) = Phour (h) 'ftemp (h) 'fweather (h) 'fgrid (h) (22)
where:
femp(®) = 1 + 0.02 x (T(h)—25°C) (23)

T(t) is the ambient temperature at time t (°C)

fweather(t) =1 +X(h)'6weather (24)
feria(t) =1+ Y(h).0gia (25)

X(h), Y(h) ~ U(—0.1,0.1) represent stochastic variations; cyeqther, Ceria ~
0.05 — 0.10 allow +5-10 % load variation due to environmental and
grid conditions. Temperature adjustment accounts for reduced charging
efficiency in cold climates (2 % per°C below 25°C) and reflects the
seasonal temperature variations shown in Figs. 7 and 10.

2.4. Energy management flow

The Energy Management Flow (EMF) serves as the operational
backbone of the hybrid renewable energy microgrid, ensuring efficient
utilization of available energy resources, minimizing operational costs,
and maintaining system reliability under fluctuating energy generation
and demand conditions. The EMF dynamically manages the interactions
among PV panels, wind turbines, battery energy storage systems (BESS),
hydrogen storage systems, fuel cells, and grid interactions. The EMF
balances short-term operational responses with long-term strategic goals
while operating at an hourly temporal resolution over a one-year
simulation horizon (8,760 hours). The EMF framework consists of four
main functional strategies:

e Renewable Energy Allocation

e Surplus Energy Management

e Deficit Energy Management

e Load Shifting and Shedding Mechanisms

These strategies operate sequentially based on a rule-based priority
system that is executed at each hourly time step. The core logic is
designed to handle two primary scenarios: the management of an energy
surplus, where renewable generation exceeds load demand, and the
management of an energy deficit, where loads surpass available
renewable power. The complete sequential logic of the EMS is visually
detailed in the flowchart presented in Fig. 2. This flowchart illustrates
the decision-making process at each time step, from calculating the
initial net power balance to the prioritized allocation of resources for
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Initialize Time Step t

)
System Input Parameters
Peu(t), Pwit), Pocioad(t), Pacioad(t)
SOC(t), Heank(t)
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Step 1: Renewable Power Calculation
Prenewable(t) = PPV(t) + PWT{(t)

: Load Allocation Strategy

P, Pocioss)

s, Pacioss)

Step 3: Net Power Balance Calculation
Pret = Prenewabie = Pocoad = Paciosd

Surplus Condition |

Energy Surplus Management Yes
Psurpius = Pret

[
b

b

Battery Charging Operation

i?
Pootscharge = min{Pawpis, Pevargesmas) 50cft) <506

Remaining Surplus Calculation

Piuotusrem = Porpts - Porscharge . Hub{t] <Homs?

¥

Electrolyzer Operation

Petecuotyier = Min(Paurius em,
Petecmox)

Final Surplus Calculation

Psurptus,rem2 = Psurplus,rem = Petectrolyzer

Grid Export
Pardesport = Min(Puu

Power Curtailment

Peurtaited = Psurplus,rem2 = Parid,export

|

< Poet>0?

Deficit Condition

~_ No Energy Deficit Management
Paeict = | Pret |

¥

Battery Discharge Operation

50C(t) > SOCmin?
1> Pootsdscharge = min(Paesci, Peschorgemar)

Remaining Deficit Calculation
Paeficitrem = Paeficit = Poattischarge

Heonk(t) > Hin? -

]

Fuel Cell Operation
Prvet_cet = Min(Paefcirem, Promor)

Final Deficit Calculation

Paeficit.rem2 = Peficitrem - Puel_celt

y

Load Shedding
Implementation ]
Punserved = Peficitrem - Perid,import

Grid Import Operation
Parisimport = Min(Pocfcitrema, Pimport.mox)

y

L et o S'e‘:ni:r:"’:‘:"f‘e" Step 4: System State Update
S tmax ? e " Update SOC(t+1), Heon(t+1)

Load Shedding Calculation
Punied (t+1) = Punservea X 0

Algorithm Termination
Output Final Results

Fig. 2. Sequential logic flowchart of the rule-based energy management system (EMS).

battery charging, hydrogen production, grid interaction, and, when
necessary, load management.

2.4.1. Renewable energy allocation

Renewable energy from PV panels and wind turbines is allocated at
each time step to meet the demands of Direct Current (DC) loads (critical
infrastructure, EV fast-charging) and Alternating Current (AC) loads (EV
Level 2, residential/commercial), prioritizing DC loads but enabling
simultaneous fulfillment if sufficient energy exists; this allocation is
mathematically expressed as:

1. DC Load Fulfillment:

PDC(t) = min (Prenewable(t)1 PDC,load (t)) (26)
2. AC Load Fulfillment:
PAC(t) = min (Prenewable(t) - PDC(t)¢PAC_load(t)) (27)

Any remaining renewable energy after fulfilling both loads is clas-
sified as surplus energy and managed according to the surplus man-
agement strategy.

2.4.2. Surplus energy management

Surplus energy arises when renewable generation exceeds the com-
bined DC and AC load demands. The EMS prioritizes surplus distribution
as follows:

1. Battery Charging:

Pswplu.s(t) = Prenewable(t) - PDC(t) - PAC(t) (28)

If Poyrpius(t) > 0 and SOC(t) < SOCpmax:

Pbanterycharge(t) = min (Psumlu.s (t)7 Pbaterymaxv Eba!tery - SOC([’)) (29)

2. Hydrogen Production via Electrolyzer:

The remaining surplus energy is directed to electrolyzers for
hydrogen production:
Premaining(t) = Pswplus (t) - Pbatterycharge(t) (30)

The power directed to the electrolyzer is determined based on the
residual surplus energy:

P electrolyzer (t) =min (P remaining (t) ) P electrolyzer,max (t)) (3 1 )

3. Grid Export:

If both battery and hydrogen storage capacities are saturated, excess
energy is exported to the grid:

Pgn'd_export(t) = max(O, Premaining(t) - Pelectmlyzer(t) - Pgrid_expurt_ma.x) (32)

4. Curtailment:

Remaining energy that cannot be utilized or exported is curtailed:

Pcurtuiled(t) = max(07pgn'd_e3qzort(t) - Pgrid_expon_max) (33)
2.4.3. Deficit energy management

Deficit energy occurs when renewable energy generation is insuffi-
cient to meet load demand. Deficit energy is managed sequentially

through the following steps:

1. Battery Discharging:

Pdeﬁcit(t) = PDC(t) + PAC(t) - Prenewable (t) (34)



AF. Tazay et al.
If Pgeficie(t) > 0 and SOC(t) > SOCmin:

Pbattery,discharge(t) = min (Pdeﬁcit(t)ypbaterymax: SOC(t) -Ebuttery) (35)

2. Hydrogen Fuel Cell Operation:

P remaining  jici (t) = P, deﬁcit(t) — P battery_discharge (t) (36)

If Premuiningdia (t) > 0 and Htank(t) > Hpyin:

. Hian (). HHV 1]
Pfuelcell(t) = min (Premainingd,d (t)vpfz_mux(t)y %) (37)
3. Grid Import:
Premainingdm(t) = Pdeﬁcit<t) - Pbattery,discharge(t) - Pfuelcell(t) (38)
If P,emainmgdm (t) > 0 and grid is available:
Pgn'd_impon(t) = min (Premainingdici (t)7 Pgn'd-import-max) (39)

4. Load Shedding:

Punserved(t) =max (07 Pdeﬁcit(t) _Pbalzery,discharge(t) _Pﬁ.telcell(t) _Pgn’d,impart(t))
(40)

2.4.4. Load shifting mechanism
Non-critical loads are dynamically shifted to periods with higher
renewable availability:

Pshlfted(t"’_ 1) =a. Pun.served(t) (41)

Where:

e a = Load shift efficiency factor (0.8-0.95; accounts for losses during
shifting).
® Pgifiea(t +1) = Load shifted power in the next time step (kW).

The load shifting mechanism attempts to reschedule a portion of
unserved EV charging loads to subsequent hours when renewable gen-
eration is expected to be higher, based on historical patterns and
weather forecasts. This is particularly effective for flexible loads (Level 2
EV chargers) with extended charging windows.

2.5. Multi-objective optimization framework with IBEA

Balancing four conflicting objectives—minimizing the LCOE, LPSP,
and CR while maximizing the RF—is central to the optimization of a
hybrid renewable energy microgrid. This study introduces an advanced
framework leveraging the IBEA as its core optimization engine. The
IBEA integrates hypervolume metrics and adaptive mutation mecha-
nisms to achieve Pareto-optimal solutions, offering a robust approach
for addressing multi-objective challenges. This section introduces the
key objectives, followed by a detailed discussion of the algorithm, de-
cision variables, objective functions, constraints, and implementation
methodology, focusing on the synergy between IBEA and the Energy
Management System (EMS).

2.5.1. Indicator-based evolutionary algorithm (IBEA)
IBEA was chosen for its distinctive ability to address conflicting ob-
jectives effectively through hypervolume-based fitness assignment,
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which directly measures the quality of the Pareto front rather than
relying on explicit niching parameters. Unlike NSGA-II, which uses
crowding distance and rank-based selection, IBEA optimizes the
hypervolume metric directly, providing superior performance on many-
objective problems (3+ objectives). This is particularly advantageous
for the four-objective optimization (LCOE, CR, RF, LPSP) formulated in
this study.

To implement the algorithm for this study, the control parameters
detailed in Table 2 were selected based on common practices in the
literature for complex engineering optimization problems and were
refined through preliminary experiments to ensure stable convergence.

2.5.1.1. Hypervolume metric for fitness assignment. The hypervolume
metric evaluates solution quality by measuring the volume of the
objective space dominated by a solution relative to a reference point.
Key features include:

Assigning fitness based on a solution's contribution to the overall
hypervolume.

Prioritizing solutions that dominate larger areas in the objective
space during selection and filtering.

The hypervolume is mathematically expressed as:

HV = /1 {f(x) dominates r} dr (42)
R

Where:

o f(x) = Objective vector [fy(x),f2(x),f3(x),fa(x)] corresponding to
[LCOE, LPSP, CR, RF]

o r: Reference point in the objective space.

o 1y: The indicator function returns to one if a solution dominates the
point and zero otherwise.

Reference Point for Hypervolume:

The reference point is derived from the worst-case values observed in
the objective functions during initial population generation. A small
positive margin (¢) ensures the reference point is outside the dominated
region, enhancing exploration and preventing convergence to local op-
tima. It is mathematically defined as:

r = (worst(fy) + 1, |worst(fz) + &2, |[worst(f3) + €3, |[worst(f;) —¢)  (43)

Where: where ¢ = 0.01 x range(f;) for each objective i, ensuring the
reference point is slightly beyond the worst observed values (for mini-
mization objectives 1-3) and below the best observed value (for maxi-
mization objective 4, RF).

2.5.1.2. Adaptive mutation mechanisms. Mutation diversifies the popu-
lation and mitigates premature convergence. The mutation rate () is
dynamically adjusted based on algorithmic convergence. The fitness is
calculated with LCOE priority:

Table 2

IBEA Parameter values.
Parameter Value  Description Refs.
Population Size (Npop) 100 Number of individuals in the [65]

population.
Maximum Generations 50 Maximum number of iterations. [66]
(Ngen)

Crossover Index (nc) 20 Distribution index for crossover. [671
Mutation Rate (p) 0.1 Initial mutation rate. [67]
Mutation Step Size (o) 0.2 Step size for Gaussian mutation. [68]
Adaptation factor (a) 0.8 Typically, between 0.8 and 1.2. [69]
Ne 20 Distribution index for SBX [67]

crossover
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Fitness(i) = —Cost(i,1) + ZindicatorFunction(Cost(j), Cost(i)) (44)
I

where the negative LCOE term provides priority toward economic ob-
jectives, and the indicator function sum captures multi-objective
dominance relationships. This hybrid approach balances LCOE mini-
mization with multi-objective Pareto optimality.

The adaptive mutation mechanism operates as follows:

in(u(g — 1)/0.95, fya)
u(g) = {mrz)l:zﬂ/zggi 1) x 0.95Ifﬂmin)

if AHV(g) < AHVy, (stalling)
if AHV(g) > AHVpay (improving)

(45)

where:

e AHV(g) = Change in hypervolume from generation g —1 to g
® Umin = 0.001, pipe = 0.2
e Adaptation factor = 0.95

If successive generations show little to no improvement in hyper-
volume, the mutation rate increases to explore new search space regions.
Conversely, if significant progress is observed, the mutation rate is
decreased to focus on fine-tuning solutions. These adaptive mechanisms
ensure the search process remains efficient and responsive to the opti-
mization landscape.

2.5.2. Decision variables

The decision variables, carefully selected based on their critical role
in influencing microgrid performance, represent controllable system
parameters. These include:

e Npy: Number of photovoltaic (PV) panels.
e Nyr: Number of wind turbines.
e Npar: Number of battery storage units.

The bounds for these variables are:
Npy € [0,200], Nyr € [020] Npar € [O 400]

These decision variables are optimized via IBEA to minimize LCOE
while satisfying zero-LPSP constraint. The electrolyzer (Eley), fuel cell
(FCy), and hydrogen tank (H2Ty) capacities are implicitly determined
from the energy balance requirements and surplus/deficit management
strategy, rather than being direct decision variables. This reduces
problem dimensionality while maintaining system flexibility.

2.5.3. Objective functions

The optimization process focuses on four key objectives, evaluated
hourly across a year-long time horizon (T = 8760 hours). These objec-
tives frequently interact and may conflict, requiring a balanced
approach. The multi-objective optimization problem can be expressed
as:

minimize/ maximizeF(x) = [f(x),f2(x). f3(x), fa ()] (46)

1. Minimization of Levelized Cost of Energy (LCOE):

The LCOE represents the average cost of electricity generation over
the system's lifetime, incorporating initial capital costs, operational and
maintenance costs, replacement costs, and salvage values.

Net Annual Cost
=LCOE = ———F—— 77— 47
hix) o Total Energy Served “47)

where:

Net Annual Cost = (Total Annualized Cost) — (Annual Revenue) (48)
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. Cre i Si

Total Annualized Cost= Ceapi*CRF+ Cognj+— e —— ——
mz [ " ST @ (1)

(49)

1 N
crr— "D (50)
1+r)" -1
Where:

® Ccapi (USD): Initial capital cost of component i.
Comi (USD/year): Annual operation and maintenance costs of
component i.
Crepli (USD): Replacement cost of component i.
Si: Salvage value of a component i at end of project life
r: Real discount rate, calculated from nominal interest rate and
inflation via Fisher's equation.
CRF: Capital Recovery Factor.
N = Project lifetime (25 years)
Total Energy Served (kWh) = Sum of all energy supplied from all
sources over the project lifetime

The Annual Revenue comprises the following streams:

¢ EV Charging Revenue:

Revenuegy = (Epc, suppliea X Tariffpc) + (Eac, suppiiea % Tariffac)  (51)

Grid Export Revenue:

Revenueexport = Egrid, export X Tariffexport (52)

1. Minimization of Loss of Power Supply Probability (LPSP):

The LPSP quantifies the probability of the system failing to meet
energy demand.

Zf,lpun.served(t)
=LPSP = =F——— 53
f2() ZrT:lpload(t) ®3

Pinserved(t): Unserved energy at time t (kWh).
Pload (t): Load demand at time t (kWh).

Any candidate solution generated during crossover or mutation that
fails to meet LPSP < 0.001 receives a severe fitness penalty, making it
non-competitive and likely to be eliminated in environmental selection.
This ensures only feasible (near-zero LPSP) solutions are preserved on
the Pareto front.

2. Minimization of Curtailment Ratio (CR):

The CR measures the fraction of excess renewable energy that could
not be utilized or stored. A lower CR indicates more efficient utilization
of renewable resources.

Zz;lpcunailed(t) % 100

Bl = R = S ®

(54)

where:

® P urailed(t) = Curtailed (wasted) renewable power at time t (kW)
® Prenewanle(t) = Total renewable power available (PV + WT) at time t
(kW)
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e CR = Expressed as a percentage (0-100 %), indicating efficiency of
renewable utilization

2. Maximizing Renewable Fraction (RF):

The RF represents the proportion of energy demand met by renew-
able sources.

— Z;rzlp renewable_used (t)

f4 (X) - erzlEserved(t)

(55)

0 Prenewable_used(t): Renewable energy actually used (meeting loads or
charging storage) at time t.

0 Egerved(t): Total energy supplied at time t. This is the total amount of
energy provided by the system.

o RF = Expressed as a percentage (0-100 %); higher RF indicates
greater sustainability

All four objectives are evaluated on a common normalized scale
within IBEA to prevent any single objective from dominating due to
scale differences. Normalization is performed using the worst and best
values encountered in the initial population.

2.5.4. Technical and economic parameters

Table 3 provides a comprehensive overview of the technical and
economic parameters critical to the design and operation of the micro-
grid components. These specifications are instrumental in accurately
modeling the microgrid's performance and financial metrics over the
planning horizon.

These specifications represent baseline values for the comparative
analysis between Egypt and Tiirkiye. As detailed in Section 4, certain
parameters (particularly renewable resource availability and economic
factors) are adjusted region-specifically to reflect local conditions. This
structured approach ensures that the microgrid design is technologically
sound and economically viable across different regional contexts,
providing a robust foundation for subsequent optimization and analysis.

2.5.5. Constraints and feasibility
Optimization is subject to the following constraints:

1. Hard LPSP Constraint: LPSP < 0.001 (effectively zero supply
probability failure)

2. Variable Bounds: All decision variables are bounded as specified in
Section 2.5.2. Mutation and crossover operations include boundary
clipping to ensure feasibility.

3. Energy Balance Constraint (implicit): At every time step, energy
flow satisfies:

Prenewable (t) + Pbat.discharge (t) + Pfc(t) + Pgrid,import(t)

Table 3
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Technical and economic specifications of microgrid components.

Component

Technical Specifications

Economic Specifications

Photovoltaic (PV)
Panels

Efficiency: 21 %

Rated Capacity: 5 kW per
unit

Temperature Coefficient:
-0.005/°C

PV Derating Factor: 0.8
NOCT: 47°C

Lifetime: 25 years

Initial Capital Cost: $640
per kW

Replacement Cost: $200

per kW

O&M Cost: $15 per kW/
year

Wind Turbines
(WT)

Rated Power: 100 kW per
turbine

Cut-in Speed: 3 m/s
Cut-out Speed: 25 m/s
Rated Speed: 12 m/s
Hub Height: 80 m
Lifetime: 20 years

Initial Capital Cost:
$50,000 per turbine
Replacement Cost: $45,600
per turbine

O&M Cost: $500 per
turbine/year

Battery Storage

Capacity: 16.8 kWh/unit
Round-trip Efficiency: 97 %
Depth of Discharge: 98 %
Lifetime: 25 years

Initial Capital Cost:
$15,000 per unit
Replacement Cost: $13,800
per unit

O&M Cost: $1 per unit/
year

Electrolyzer Efficiency: 85 % Initial Capital Cost: $9,800
Rated Power: 5 kW per unit per unit
Lifetime: 15 years Replacement Cost: $2,940
per unit
O&M Cost: $20 per unit/
year
Fuel Cell Efficiency: 60 % Initial Capital Cost: $4,500

Rated Power: 1 kW per unit
Lifetime: Based on 50,000
operating hours

per unit

Replacement Cost: $3,150
per unit

O&M Cost: $0.05 per
operating hour

Hydrogen Tank

Storage Capacity: 1 kg H
Hydrogen Density: 0.08988
kg/Nm?

Hydrogen HHV: 39.4 kWh/
kg

Lifetime: 25 years

Initial Capital Cost: $1,500
per unit

Replacement Cost: $1,500
per unit

O&M Cost: $15 per unit/
year

Economic Project Lifetime: 25 years
Parameters Egypt: Tiirkiye:
(2024) Nominal Interest Rate: 27.75  Nominal Interest Rate: 47.5
% [70] % [72]
Inflation Rate: 26.4 % [71] Inflation Rate: 47.09 %
[731
Electricity Tariffs Egypt [74,75]: Tiirkiye [76,77]:

AC Charging: $0.06/kWh
DC Charging: $0.12/kWh
Grid Import: $0.08/kWh
Grid Export: $0.06/kWh

AC Charging: $0.13/kWh
DC Charging: $0.16/kWh
Grid Import: $0.11/kWh
Grid Export: $0.08/kWh

= Pload(t) + Pbat.charge (t) + Pel(t) + Pcurtailed (t) + PgridAexport(t)

This is enforced implicitly through the energy management system
logic (Section 2.4).

1. Battery State Constraints: SOCp;n(t) < SOC(t) < SOCpax(t)
2. Hydrogen Storage Constraints: Hyin < Hiank(t) < Hmax
2.6. Model limitations and simplifying assumptions

The model assumes perfect component availability and ideal oper-
ating conditions throughout the one-year simulation horizon. This
simplification excludes several real-world factors that may impact sys-

tem performance:

10

e Equipment degradation: The model does not account for PV panel
degradation, battery capacity fade, or fuel cell performance degra-
dation over the project lifetime (25 years). Future work should
incorporate stochastic degradation models to assess long-term per-
formance impact.

e Communication and control failures: The rule-based energy
management system assumes instantaneous and perfect communi-
cation between all components and controller. In practice, inter-
mittent communication failures or control delays could affect
optimal dispatch decisions.

e Dynamic market conditions: Component costs and fuel prices are
held constant at 2024 baseline values. Future extensions should
incorporate stochastic fuel price volatility and renewable technology
cost trajectories to enhance robustness.

o Fixed electricity tariffs: Tariffs (Table 3) are assumed to be constant
throughout the simulation period.
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3. Case study: Egypt and Tiirkiye

Egypt and Tiirkiye were selected for this study due to their con-
trasting geographic, economic, and energy profiles. Egypt offers a
perspective from a developing economy with emerging EV adoption and
significant solar energy potential. In contrast, Tiirkiye represents a more
developed EV market with greater infrastructure investments and a
diversified renewable energy mix. Comparing these two regions allows
for a comprehensive analysis of how differing conditions affect EV
charging infrastructure performance and renewable energy integration.
The proposed EV charging station model was applied to two distinct
regions, Egypt and Tiirkiye, to evaluate and compare the performance of
charging infrastructure under varying operational conditions. The study
emphasized critical parameters to derive actionable insights, including
vehicle arrival rates, vehicle composition, charging infrastructure ca-
pacity, environmental factors, load prioritization strategies, and per-
formance metrics.

3.1. Case study in Egypt

The Egyptian case study focuses on Suez Governorate, Attaka,
located along the Suez-Ain El Sokhna Road (geographic coordinates:
29°40.3'N, 32°20.1'E). This location represents an emerging EV charging
infrastructure corridor in an industrial transitional zone, bridging the
Suez Canal's commercial activities and developing coastal infrastruc-
ture. The EV ecosystem in Egypt is still at an early stage, with a relatively
small EV fleet and limited public charging infrastructure [78,79]. For a
representative urban freight/public-transport corridor, this study as-
sumes an average EV arrival rate of approximately eight vehicles per
hour during peak periods and two vehicles per hour off-peak, consistent
with the low national EV penetration and modest charging demand re-
ported in recent studies [78,80]. National fleet data and sectoral reports
indicate that buses and trucks constitute an important share of vehicles
in public-transport and logistics segments [5-7]. Therefore, the vehicle
mix at the studied station is modeled with 70 % heavy-duty EVs (buses
and trucks) and 30 % small and medium-sized cars, to reflect charging
demand dominated by large vehicles rather than private cars [81].
Typical Egyptian battery-electric buses use batteries on the order of a
few hundred kilowatt-hours, significantly higher than passenger EVs,
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which leads to higher per-vehicle energy demand and stricter chargin-
g-infrastructure requirements [82].

The Egyptian charging infrastructure consists of 10 Level 2 chargers
rated at 11 kW each and six DC Fast chargers rated at 50 kW, reflecting
the region's relatively nascent stage of EV infrastructure development.
Fig. 3 illustrates the hourly load profile for a typical weekday in Egypt.
The data delineates total load, load from Level 2 chargers, and load from
DC Fast chargers.

The hourly load profile for the Egyptian charging station reveals
several key characteristics. Initially, no significant load is recorded
during the early morning hours (1-4). Charging activity then com-
mences at hour 5, marking the start of energy consumption. A peak
demand period is observed during the late afternoon and evening (hours
15-22), exceeding 1600 kW. Throughout this period, Level 2 chargers
are shown to contribute substantially to the overall load, particularly
during peak demand hours. Additionally, DC Fast chargers are critical in
meeting demand in the late afternoon and evening.

The 24-hour load profile presented in Fig. 3 represents a typical
weekday demand pattern generated by the stochastic EV charging model
described in Section 2.3. In the full annual simulation (8,760 hours), this
24-hour pattern is replicated and varied stochastically for each day of
the year, incorporating:

o Weekday/weekend variations: Weekend arrival rates scaled to 65 %
of weekday rates.

o Seasonal temperature effects: Temperature adjustment factor fiem, (t)
varies monthly (Fig. 7), affecting charging efficiency.

o Weather adjustments: Stochastic weather factor fyeqmer(t) with £10
% variation.

e Daily variations in vehicle composition and SOC: Each day's load is
uniquely generated based on probabilistic vehicle properties.

Thus, Fig. 3 exemplifies the characteristic daily shape, but the actual
optimization uses a full 8,760-hour annual load profile with continuous
day-to-day variation, ensuring results are representative of year-round
performance.

e Total Load

11:00
13:00
14:00
15:00
16:00
17:00
18:00
19:00
20:00
21:00
22:00
23:00

=
=
N
i

Hour

Fig. 3. 24-Hour deterministic load profiles for Egypt (Attaka).

11



AF. Tazay et al.
3.2. Case study in Tiirkiye

The Tiirkiye case study examines Yalova Province (geographic co-
ordinates: 40°39.1'N, 29°13.2'E), focusing on the Yalova University
Central Campus (Yalova Universitesi Merkez Yerleskesi) in the Bahce-
lievler district along Termal Yolu. This location in northwestern Tiirkiye,
situated within the high-EV-potential Istanbul-Bursa metropolitan
corridor, represents an institutional and regional transportation hub
with emerging EV charging demand.

In Tiirkiye, the EV ecosystem demonstrates a higher vehicle arrival
rate, with approximately 16 vehicles per hour during peak hours and six
vehicles per hour during off-peak hours, calibrated to reflect the larger
national EV fleet and denser public charging network compared with
less mature markets. These values are adopted as scenario assumptions
informed by recent national EV ownership statistics, growth in public
charging points, and observed urban traffic and charging patterns re-
ported in policy and infrastructure studies. The vehicle mix at the
modeled urban charging hub is assumed to be more evenly distributed,
consisting of 30 % small cars, 40 % medium cars, 15 % buses, and 15 %
trucks, consistent with analyses that distinguish between passenger and
commercial EV segments and highlight ongoing electrification of public
transport and freight in Tiirkiye. This balanced distribution of private
and commercial EVs, together with the widespread deployment of both
AC and DC charging points, results in a more dynamic and spatially
distributed charging load profile than in emerging EV markets with
lower penetration and less diversified fleets [83,84].

Tiirkiye's charging infrastructure is comparatively advanced,
featuring 15 Level 2 chargers and 12 DC Fast chargers. This reflects
higher EV adoption rates and greater investments in public charging
networks. Fig. 4 depicts the hourly load profile for a typical weekday in
Tiirkiye, showing total load, load from Level 2 chargers, and load from
DC Fast chargers.

The hourly load profile for Tiirkiye's charging station demonstrates a
higher peak demand compared to Egypt, with a more evenly distributed
demand pattern throughout the day. This distributed demand pattern is
noteworthy, as it necessitates a more consistent and sustained energy
supply rather than a system optimized for a sharp, short peak. These
characteristics impact charging infrastructure planning, requiring a
balance between immediate high-power charging and continuous lower-
power charging capabilities to meet varying daily demands. While Level
2 chargers are shown to contribute significantly to the total load, DC Fast
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chargers exhibit higher contributions during peak demand periods.
Furthermore, Tiirkiye has a considerably higher total load than Egypt.
The demand peaks are distributed more evenly across the day, with no
singularly dominant period. Level 2 chargers are shown to contribute
significantly to the overall load, and DC Fast chargers contribute
notably, particularly during peak demand periods. Like Egypt, the 24-
hour profile in Fig. 4 represents a typical weekday pattern from the
stochastic model.

3.3. Renewable energy and climate analysis

Solar radiation in the Suez Governorate study site (Fig. 5) peaks
during summer (May-August), with June reaching a maximum of 8.15
kWh/m?/day. Seasonal variation results in a minimum of 3 kWh/m?/
day in December.

Wind speeds in the Suez coastal region (Fig. 6) remain relatively
consistent year-round, ranging from 5.12 m/s to 5.89 m/s, with slight
increases during spring and early summer. These speeds are favorable
for small-to-medium wind turbines and contribute to the renewable
energy potential.

Average daily temperatures in the Suez Governorate vary from
11.94°C in January to 28.24°C in July (Fig. 7), impacting PV panel ef-
ficiency and battery charging efficiency (temperature adjustment
factor).

3.3.2. Renewable energy potential in Tiirkiye

Solar radiation in Yalova Province (40°39.1'N, 29°13.2'E) peaks
during summer (May—July), with a maximum of 6.79 kWh/m?/day in
July. The winter months exhibit significantly lower values, with
December reaching a minimum of 1.39 kWh/m?/day (Fig. 8), indicating
greater seasonal variability than Egypt.

Wind speeds in Yalova (Fig. 9) exhibit consistency, ranging from
4.25 m/s to 5.53 m/s, with minor seasonal variations. These wind speeds
are slightly lower than Egypt's coastal winds but remain suitable for
microgrid applications.

Average daily temperatures in Yalova range from 4.94°C in January
to 23.71°C in August (Fig. 10), with pronounced seasonality influencing
system performance. The colder winter temperatures reduce PV effi-
ciency more significantly than in Egypt, necessitating larger PV capacity
to achieve comparable energy generation.

The findings underscore the importance of tailoring EV charging

e DC Fast Load

1 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24

Hour

Fig. 4. 24-Hour deterministic load profiles for Tiirkiye (Yalova).
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Fig. 5. Monthly average solar irradiance profile for Egypt.
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Fig. 7. Monthly average temperatures for Egypt.
strategies to regional energy demands and renewable resource avail- conditions.

ability while considering infrastructure capabilities and environmental
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Fig. 8. Monthly average solar irradiance profile for Tiirkiye.
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Fig. 10. Monthly average temperatures for Tiirkiye.
4. Results and discussions The results further emphasize the significant influence of regional

context on the design and performance of microgrids for EV charging.
This section presents and discusses the findings of the multi-objective
optimization framework as applied to case studies in Egypt and Tiirkiye.
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4.1. Performance comparison of optimized configurations

A comparative analysis of optimum microgrid configurations for EV
charging in Egypt and Tiirkiye is presented in Table 4, categorized under
Economical, Resource-Efficient, and Sustainable Objectives. Pareto
front solutions for both Egypt and Tiirkiye are illustrated in Figs. 11
(Egypt) and 12 (Tiirkiye) to visualize the trade-offs inherent in these
multi-objective optimizations. These figures plot the non-dominated
solutions in a three-dimensional space defined by LCOE, CR, and RF.

4.1.1. Economical configuration analysis

For the economical configuration (prioritizing minimum LCOE),
Tiirkiye demonstrated a significant lower LCOE of $0.0173/kWh
compared to Egypt's $0.0261/kWh, representing a 51.3 % cost advan-
tage for Tiirkiye. This superior performance is observed despite a higher
Total Net Present Cost (TNPC) of $4,309,629 for Tiirkiye versus
$3,569,947 for Egypt. As visualized in Figs. 11 and 12, a pronounced
shift of the Pareto front towards lower LCOE values for Tiirkiye is
apparent compared to Egypt across the range of RF and CR values.

Despite 20.7 % higher TNPC, Tiirkiye achieves 33.7 % lower LCOE,
indicating superior economic performance on a $/kWh basis. This im-
plies that while absolute project costs are higher, the energy delivery
cost per unit is significantly reduced, making Tiirkiye's system more
economically viable for grid-connected revenue streams.

The lower LCOE in Tiirkiye is achieved with a slightly higher RF of
53.03 % and a significantly lower CR of 17.11 %, indicating a more
efficient and cost-effective system. In contrast, while achieving a lower
TNPC, Egypt's economical configuration results in a higher LCOE and
CR, suggesting a less optimal balance between cost and renewable uti-
lization. The higher CR in Egypt (27.67 % vs. 17.11 %) indicates that
27.67 % of available renewable energy must be curtailed or wasted,
whereas Tiirkiye wastes only 17.11 %—a substantial efficiency gap
directly impacting economic returns.

Notably, the LCOE values achieved in both countries are significantly
lower than those typically reported in the literature for systems with
zero LPSP (Table 5), which range from $0.170 to $0.410/kWh for hybrid
storage systems and $0.170 to $0.360/kWh for battery-only systems.
This demonstrates the effectiveness of the proposed optimization
framework and system configuration.

4.1.2. Resource-efficient configuration analysis

In the Resource-Efficient configuration, both locations exhibit
increased LCOE and TNPC compared to the Economical setup, reflecting
the elevated investment toward optimized resource utilization and
storage capacity. For Egypt, the LCOE increases to $0.0437/kWh with a
TNPC of $5,820,322, while for Tiirkiye, the LCOE rises to $0.0218/kWh
with a TNPC of $5,291,319.

The upward shift in LCOE for both locations, as the configuration
transitions towards resource efficiency, is visually confirmed by the
Pareto fronts in Figs. 10 and 11. Notably, a relatively consistent RF is
maintained for Egypt (50.35 % — 50.18 %) and Tiirkiye (53.03 % —
51.08 %) across Economical and Resource-Efficient configurations. This
remarkable RF stability despite substantial cost increases suggests that
resource efficiency, in this context, is achieved more through optimized
storage and component sizing rather than a substantial increase in
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renewable penetration.

However, a significant shift in the component mix is observed in the
Resource-Efficient setup. Particularly for Egypt, battery storage is
dramatically increased (Npq : 5—174 units, a 3,480 % increase), while
PV panels (N, : 222—135) and wind turbines (N, : 5—9) are adjusted.
For Tiirkiye, battery storage is also increased (Npq : 6—42 units, a 600 %
increase), and PV panels are reduced (N, : 281—246), suggesting a
greater reliance on energy storage to enhance resource efficiency and
potentially manage the intermittent nature of renewables more effec-
tively. Even with this increased focus on resource efficiency, the LCOE
values remain competitive with standard optimized microgrids reported
in the literature ($0.027-$0.055/kWh) [85-88], which typically do not
achieve zero LPSP.

4.1.3. Sustainable configuration analysis

The Sustainable configuration, aimed at maximizing renewable en-
ergy and minimizing environmental impact, shows the highest RF for
both locations, reaching 55.11 % in Egypt and 58.97 % in Tiirkiye. The
Pareto fronts further illustrate that achieving higher RF generally comes
with a trade-off of increased LCOE and potential CR. However, the
sustainable configurations aim to minimize this trade-off. Egypt's LCOE
is $0.0348/kWh with a TNPC of $4,476,382, while Tiirkiye's LCOE is
$0.0245/kWh with a TNPC of $5,546,012. Interestingly, despite pur-
suing sustainability, the TNPC for the sustainable configuration in Egypt
($4.48M) is lower than that of the resource-efficient case ($5.82M),
suggesting a potentially more cost-effective approach to increasing
renewable integration in the country. This may be due to a better-
balanced mix of renewable generation and storage components in
Egypt's sustainable setup. However, Tiirkiye maintains the highest TNPC
in its sustainable configuration ($5.55M), 28.8 % above the economic
baseline. Despite this elevated TNPC, Tiirkiye consistently exhibits a
lower LCOE and CR across all configurations than Egypt. This indicates a
more favorable economic and operational profile for microgrids in
Tiirkiye under the scenarios analyzed in this study. The improved per-
formance in Tiirkiye is likely attributed to factors such as the signifi-
cantly higher overall electric vehicle (EV) charging load and a more
developed EV market, which support economies of scale and enhanced
asset utilization.

4.1.4. Quantified trade-offs across configurations

Figs. 13 and 14 present detailed visualizations of the quantified
trade-offs associated with transitioning from the Economical baseline to
Resource-Efficient and Sustainable configurations, respectively. These
comparisons reveal the cost-benefit frontier of different design strategies
in both Egypt and Tiirkiye. The Resource-Efficient transition (Fig. 13)
demonstrates that Egypt requires a 2.6 x higher LCOE increase (67.4 %)
than Tiirkiye (26.0 %) to achieve similar efficiency objectives, reflecting
regional differences in renewable resource balance and economies of
scale. The Sustainable transition (Fig. 14) shows that while Egypt pur-
sues renewable fraction improvements at lower marginal cost
($0.00183/kWh per 1 % RF) compared to Tiirkiye ($0.00121/kWh per 1
% RF), Tiirkiye faces substantially steeper curtailment penalties (3.14
percentage point CR increase per 1 percentage point RF gain) versus
Egypt (0.72 percentage points), indicating that aggressive sustainability

Table 4
Comparative analysis of optimum microgrid configurations for EV charging in Egypt and Tiirkiye.
Configuration Location LCOE [$/kWh] RF [ %] CR [ %] TNPC [$] Npy Nyt Npar H2Ty FCy Eley
. Egypt 0.0261 50.35 % 27.67 % 3,569,947 222 5 5 500 227 35
Economical i
Tiirkiye 0.0173 53.03 % 17.11 % 4,309,629 281 15 6 500 34 86
Resource-Efficient Egypt 0.0437 50.18 % 25.77 % 5,820,322 135 9 174 500 227 11
Tiirkiye 0.0218 51.08 % 16.94 % 5,291,319 246 15 42 500 300 34
Sustainable Egypt 0.0348 55.11 % 29.56 % 4,476,382 120 12 35 500 227 61
Tiirkiye 0.0245 58.97 % 23.12% 5,546,012 263 20 4 500 300 67

15



AF. Tazay et al. Results in Engineering 30 (2026) 109938
o]
..
= 40 » o
& &® o
S 38 .
i) L]
T 36 e
14
B>
E 32
£ ] o
3 30
-~ ~
0.02 70
0.08 60
0.1 -
) Renewable Fraction (RF) [%)]
Levelized Cost of Energy (LCOE) [$/kWh] 0.12 55
Fig. 11. 3D Pareto front of non-dominated solutions for Egypt.
24 '
9 o
7 22
e o e @
S e °°
o o
5 20 | PO Y 4
= o ® .
@
£ 18 « o
£ o® -
3 ]
16 @ o
0.01 @ 60
0.015
0.03 54
0.035 -
Levelized Cost of Energy (LCOE) [$/kWh]  0.04 Renewable Fraction (RF) [%]
0.045 50
Fig. 12. 3D Pareto front of non-dominated solutions for Tiirkiye.
targets in Tiirkiye are constrained by renewable oversizing multi-objective formulation balancing economic, environmental, and

requirements.

The results demonstrate that the proposed multi-objective IBEA
optimization framework with zero-LPSP enforcement achieves LCOE
values substantially lower than comparable systems reported in the
literature while maintaining strict reliability constraints. This compar-
ative advantage emerges from the integrated hybrid battery-hydrogen
storage approach enabling cost-effective long-duration reliability, the
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operational objectives simultaneously, and context-aware regional
parameterization reflecting actual climatic resources, market condi-
tions, and macroeconomic environments in Egypt and Tiirkiye.

4.2. Sensitivity analysis

A sensitivity analysis was conducted to ascertain the proposed hybrid
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Table 5

Comparison of study results with literature values for EV charging microgrids.
System Type LCOE Range [$/kWh] RF Range [ %] CR Range [ %] LPSP Storage Type References
Standard Optimized Microgrids 0.027-0.055 70-90 Not explicitly reported Not zero Battery only [85-88]
Mid-range Hybrid Systems 0.038-0.053 60-85 Not explicitly reported Not zero Battery only [85,87,88]
Complex/Less Favorable Systems 0.160-0.310 50-70 Not explicitly reported Not zero Battery only [89,90]1
High Reliability (near-zero LPSP) 0.170-0.360 90-100 Not explicitly reported ~0 Battery only [91-98]
Extreme Reliability Systems 0.930-1.080 95-100 Not explicitly reported 0 Battery only [92,98]
Hybrid Battery-Hydrogen (Zero LPSP) 0.170-0.410 70-100 10-30 0 Hybrid [99-107]
This Study (Egypt) 0.0261-0.0437 50.18-55.11 25.77-29.56 0 Hybrid This study
This Study (Tiirkiye) 0.0173-0.0245 51.08-58.97 16.94-23.12 0 Hybrid This study

Light Blue = Economical Configuration | Dark Blue = Resource-Efficient Configuration
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Fig. 13. Quantified trade-offs between economical and resource-efficient configuration.
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Fig. 14. Quantified trade-offs between economical and sustainable configurations.
renewable energy system's response to variations in input parameters. sought to evaluate the robustness of the optimized hybrid renewable
The objective of sensitivity analysis is to evaluate the degree to which a energy system design amid parametric uncertainty. The principal input
model's output is affected by changes in its input variables. This study variables examined for sensitivity encompassed solar irradiation, wind
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velocity, load demand, discount rate, inflation rate, maximum hydrogen
tank storage capacity, and battery storage capacity. The system's sensi-
tivity was assessed by analyzing LCOE, TNPC, RF, and CR fluctuations.
In all examined sensitivity scenarios, the LPSP remained at zero (<0.001
%), illustrating the persistent reliability of the system design despite
parametric variations and confirming that the hard LPSP constraint is
robustly enforced across the entire optimization landscape.

4.2.1. Range and magnitude of sensitivity

An investigation was conducted to identify the factors to which the
system has the highest and lowest sensitivity by examining the range
and magnitude of performance measure alterations. The TNPC, LCOE,
RF, and CR percentage change ranges over all sensitivity parameters in
Tiirkiye and Egypt are depicted as heatmaps in Figs. 15 and 16,
respectively. These heatmaps illustrate the extent of variance in each
performance indicator when input parameters are methodically modi-
fied, with color intensity reflecting the degree of the range. As visualized
in Fig. 15 for Tiirkiye and Fig. 16 for Egypt, wind speed and load demand
consistently exhibit considerable ranges of percentage change in TNPC
and LCOE, particularly in Tiirkiye. The inflation rate and discount rate
also show exceptionally substantial ranges for LCOE in both locations,
exceedingly even wind speed and load demand in terms of the LCOE
sensitivity range. In contrast, solar irradiance, hydrogen tank capacity,
and battery capacity often exhibit very narrow ranges of variation in
TNPC and LCOE, indicating a diminished sensitivity of these economic
measures to these factors within the analyzed ranges. The average ab-
solute % change in TNPC and LCOE for each sensitivity parameter is
depicted through bar charts for Tiirkiye and Egypt in Figs. 15 and 16,
respectively, to quantify the typical amount of impact. Figs. 17 and 18
illustrate that the inflation rate and discount rate exhibit the most sig-
nificant average absolute percentage increases in LCOE for Tiirkiye and
Egypt, signifying their primary influence on energy expenses.
Specifically:

e Discount Rate Impact on LCOE:
e Egypt: £10 % variation in discount rate - +18.4 % LCOE
variation
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e Tiirkiye: +10 % variation in discount rate — +22.7 % LCOE
variation

e Interpretation: Tiirkiye's lower baseline real discount rate (0.28
%) renders it proportionally more sensitive to percentage changes
in discount rate than Egypt (1.07 % baseline).

e Inflation Rate Impact on LCOE:

e Egypt: £10 % variation in inflation rate —» +16.2 % LCOE
variation

o Tiirkiye: +10 % variation in inflation rate — +19.8 % LCOE
variation

o Interpretation: Higher baseline inflation in Tiirkiye (47.09 %)
creates greater absolute sensitivity than Egypt (26.4 %).

The discount rate and wind speed demonstrate the most substantial
average absolute percentage variations in TNPC, underscoring their
considerable impact on overall system expenses. Load demand exhibits a
significant average absolute % variation in LCOE. Conversely, solar
irradiance, battery capacity, and hydrogen tank capacity exhibit mini-
mal average absolute percentage variations in TNPC and LCOE, indi-
cating a diminished influence on these economic indicators. The
analyses of range and magnitude, illustrated via heatmaps and bar
charts, highlight the inflation rate and discount rate as the paramount
financial parameters. At the same time, wind speed and load demand are
identified as significant operational parameters that dictate the eco-
nomic performance of the hybrid renewable energy system.

4.2.2. Correlation analysis

A Pearson correlation analysis was conducted for Tiirkiye and Egypt
to quantify the linear relationships between input parameters and sys-
tem performance metrics.

Solar irradiance: In Tiirkiye and Egypt, solar irradiance shows
strong positive correlations with RF and CR (r > 0.87), indicating a
strong linear increase in renewable penetration with increased irradi-
ance. Correlation with economic metrics (TNPC, LCOE) is positive but
weaker in Tiirkiye (r ~ 0.38-0.56) compared to Egypt r ~ 0.82-0.88),
suggesting a more pronounced linear impact of solar irradiance on
costs in Egypt. This difference reflects Egypt's greater dependence on
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Discount Rate-LCOE - 165.21
Discount Rate-TNPC - 113.22
Load Demand-LCOE - 107.51

166.94
104.98
85.78 118.37

Wind Speed-CR - 101.58
Load Demand-CR = 78.32
Wind Speed-LCOE - 91.33

Wind Speed-RF
Wind Speed-TNPC = 62.06

Sensitivity Parameter & Metric

T
Hydrogen Tank Capacity-LCOE 11.42 - 100
Hydrogen Tank Capacity-TNPC 10.02

171.56
110.80

9953 95.03 - 200
74.09 7162
fsmu | 66.77

' ' '
= = =
N % ~
% <} a

Range of Percentage Change (%)

'
~
Ul

& & <~’°
< & &
& &"Z &

Configuration

Fig. 15. Heatmap of sensitivity analysis ranges for system optimization in Tiirkiye.
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solar generation; improvements in solar resource have stronger cost
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Fig. 16. Heatmap of sensitivity analysis ranges for system optimization in Egypt.
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0.82-0.92) than in Tiirkiye. This suggests wind speed

implications due to reduced storage requirements, whereas Tiirkiye's
wind-solar balance mitigates this effect.

Wind speed: Wind speed exhibits strong positive correlations with
RF and CR r > 0.93) in both locations. Economic metrics (TNPC, LCOE)
also show positive correlations with wind speed, but these are stronger
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consistently enhances renewable penetration, but its linear impact on
economic metrics is more pronounced or consistent across configura-
tions in Egypt. In Tiirkiye's more balanced renewable mix, wind speed
variations have diluted economic impact due to solar offset.

Load demand: Load demand shows contrasting correlations. In both
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Fig. 18. Average absolute percentage change in TNPC and LCOE for Egypt.

locations, LCOE exhibits a strong negative correlation r ~ -0.84 to
-0.93), indicating linear LCOE improvement with increased demand.
This reflects economies of scale: larger systems amortize fixed costs
(land, control infrastructure) across more energy units. However, RF and
CR show strong negative correlations r ~ —0.96 to —0.99) in Tiirkiye
and Egypt, revealing a linear trade-off between load demand and
renewable penetration. Higher demand necessitates proportionally
larger backup storage or grid import. TNPC correlation with load de-
mand differs by location: negative in Tiirkiye r ~ -0.40), suggesting a
cost decrease with increased load, but weakly positive in Egypt r ~
0.64), indicating a potential cost increase. The location-specific differ-
ence arises because Tiirkiye's higher tariff structure (revenue per kWh)
makes increased load more economically attractive, whereas Egypt's
lower tariffs provide less revenue offset for capacity scaling.

Discount rate and inflation rate: The discount rate consistently
shows a strong positive correlation with LCOE r ~ 0.99) and a moderate
positive correlation with TNPC r ~ 0.52-0.69) in both locations, con-
firming their expected linear influence on increasing costs. A 1 % in-
crease in discount rate increases LCOE by ~2.3 % in both countries. The
inflation rate shows a strong negative correlation with LCOE r ~ -0.97 to
-0.98) and a strong positive correlation with TNPC r = 0.68-0.96) in both
regions, revealing a consistent but complex linear economic impact.
Higher inflation paradoxically reduces LCOE because nominal cash
flows (O&M, fuel costs, replacement) inflate faster than the discount
rate, reducing real present value. Conversely, TNPC increases because
nominal capital costs rise faster than revenues. RF and CR show negli-
gible correlation with both financial parameters.

Hydrogen Tank and Battery Capacity: hydrogen tank capacity
consistently displays near-perfect positive correlations with tnpc and
ICOE r =~ 0.98-0.994) in both locations, indicating a strong linear cost
increase with capacity. Each additional kg of Hz storage capacity adds ~
$1500 to capital cost (Table 3), directly increasing TNPC. Battery ca-
pacity shows negative correlations with TNPC and LCOE, suggesting a
linear trend toward cost reduction with increased battery capacity.
However, these negative correlations are weaker in Egypt r ~ -0.494 to
-0.519) compared to Tiirkiye r ~ -0.532 to -0.558), and battery capacity
also exhibits a negative correlation with RF in Tiirkiye r ~ -0.86)
compared to Egypt r ~ -0.539), indicating location-dependent linear
trade-offs. In Tiirkiye, larger battery storage enables reduced PV/WT
capacity, achieving lower RF but better economics. In Egypt, larger
batteries provide less RF reduction, suggesting different optimization
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strategies.

The correlation analysis highlights that resource and financial pa-
rameters exhibit strong linear relationships with system performance
and cost metrics in both locations. Load demand and battery capacity
reveal more complex, often trade-off-driven linear associations with
location-specific nuances, underscoring the importance of context-
aware interpretation of sensitivity analysis.

4.2.3. Comparative sensitivity analysis

The sensitivity of the hybrid renewable energy system was further
examined comparatively across different system configurations
(Economical, Resource-Efficient, and Sustainable) and geographical lo-
cations (Tiirkiye and Egypt) to discern configuration-specific robustness
and location-dependent parameter criticality.

4.2.3.1. Sensitivity across configurations. In Tiirkiye, the Economic
configuration generally exhibits the highest sensitivity to resource pa-
rameters. For solar irradiance and wind speed, the Economic configu-
ration shows the largest average absolute percentage changes in TNPC
(3.44 % and 27.11 %, respectively) and LCOE (4.43 % and 38.44 %,
respectively). In contrast, Resource-Efficient and Sustainable designs
have significantly less sensitivity to solar irradiation, resulting in little
variations in TNPC and LCOE. Sensitivity to wind speed is more obvious
in Resource-Efficient and Sustainable settings than in solar irradiance.
However, it remains much lower than in the Economic configuration,
with average absolute percentage increases in LCOE of 19-20 % and
TNPC around 11-13 %.

The Economical configuration uses minimal storage (Np, = 6 for
Tiirkiye), making the system dependent on real-time renewable gener-
ation matching. Wind speed fluctuations directly propagate to LCOE.
The Resource-Efficient configuration (N, = 42) buffers generation
volatility, reducing sensitivity. The Sustainable configuration (Np, = 4,
but N, =20,N,, = 263)relies on large generation capacity and diverse
sources, diversifying away from single-resource risk.

Regarding load demand, the Economic configuration displays the
highest sensitivity to the LCOE. In contrast, all configurations show
similar, moderate sensitivity to TNPC. Sensitivity to the discount rate is
notably consistent across all configurations for both TNPC and LCOE. In
contrast, regarding the inflation rate, the resource-efficient and sus-
tainable configurations demonstrate greater sensitivity regarding LCOE
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than the Economic configuration. Additionally, both hydrogen tank and
battery capacity show consistently low sensitivity across all configura-
tions for TNPC and LCOE. The configuration-specific sensitivities for
LCOE are visually compared in Fig. 19.

In Egypt, a similar trend is observed in solar irradiance, where the
Economic configuration shows greater sensitivity in both TNPC and
LCOE compared to the Resource-Efficient and Sustainable designs.
However, the sustainable configuration exhibits the highest LCOE
sensitivity to wind speed, surpassing both the economical and resource-
efficient configurations. This anomaly arises because Egypt's Sustainable
configuration (N,; = 12) emphasizes wind more than Resource-Efficient
(Nw: = 9) to increase RF, making it more exposed to wind speed
variability.

The economic configuration demonstrates the greatest sensitivity of
TNPC to load demand, whereas the Resource-Efficient and Sustainable
configurations show increased sensitivity in terms of LCOE. Notably, the
Resource-Efficient configuration in Egypt is significantly more sensitive
to variations in battery capacity. Egypt's Resource-Efficient configura-
tion (Npe = 174) is heavily battery-dependent; battery capacity varia-
tions directly affect system economics and sizing optimization.

The LCOE sensitivity regarding discount and inflation rates remains
high and relatively consistent across all configurations. In contrast,
TNPC sensitivity is comparatively lower and shows more variability
among the configurations in Egypt. Like Tiirkiye, hydrogen tank ca-
pacity consistently exhibits low sensitivity across all configurations.
Fig. 20 illustrates configuration-specific sensitivities for LCOE in Egypt.

4.2.3.2. Sensitivity across locations. Analyzing the economic configura-

tions across different locations reveals that Tiirkiye is significantly more
sensitive to wind speed variations than Egypt. The average absolute
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percentage changes in TNPC and LCOE in Tiirkiye are notably larger
than those in Egypt. Specifically, for 10 % wind speed variation:

o Egypt: LCOE varies +14.6 %, TNPC varies +16.4 %.
e Tiirkiye: LCOE varies £18.1 %, TNPC varies +21.3 %.

This 24 % greater sensitivity in Tiirkiye (18.1 % vs. 14.6 % LCOE)
reflects Tiirkiye's higher baseline wind turbine capacity (N, = 15 vs.
Egypt's 5). The larger wind-generation proportion makes the system
more vulnerable to wind speed volatility. Additionally, Tiirkiye's eco-
nomic configuration achieves lower LCOE partly through wind optimi-
zation; any reduction in wind resource undermines this cost advantage.
Additionally, Tiirkiye's economic configuration shows greater sensitivity
to fluctuations in load demand in terms of LCOE, while Egypt's config-
uration is more sensitive to load demand variations in terms of TNPC.
When considering the discount rate, Tiirkiye's economic configuration
exhibits a much higher sensitivity in TNPC, whereas Egypt shows more
sensitivity in LCOE. In contrast, Egypt is more responsive to variations in
solar irradiance for TNPC and LCOE than Tiirkiye. Egypt's system relies
on solar (Np, = 222 in economical configuration, 74 % of renewable
capacity) for 70-80 % of generation. Solar irradiance improvements
directly reduce storage requirements and TNPC. Tiirkiye's more
balanced mix (N, = 281 but N,,; = 15, 65 % solar) means irradiance
improvements are partially offset by wind availability trade-offs. The
sensitivity to the inflation rate and hydrogen tank capacity is relatively
similar for both locations. However, while the overall sensitivity to
battery capacity is low, it is slightly higher in Tiirkiye's economic
configuration. Figs. 21 and 22 illustrate the location-specific sensitivities
for TNPC and LCOE, respectively.
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Fig. 19. Configuration-specific sensitivity of LCOE in Tiirkiye.

21



AF. Tazay et al.

Results in Engineering 30 (2026) 109938

Average Absolute Percentage Change in LCOE for Egypt, by Configuration
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Fig. 21. Location-specific sensitivity of TNPC for the three configurations.

4.2.4. Break-even analysis

A break-even analysis was conducted to delineate the economic
viability boundaries for the hybrid renewable energy system in Tiirkiye
and Egypt. This analysis aimed to identify significant threshold values
for sensitive parameters, including the discount rate, inflation rate, wind
speed, and load demand, at which point the LCOE may become exces-
sively high, or the TNPC may approach or become negative. The break-
even points, as estimated from the sensitivity analysis data for Tiirkiye
and Egypt, are summarized in Tables 4 and 5, respectively, across Eco-
nomic, Resource-Efficient, and Sustainable configurations. The tables
presented delineate the essential parameter thresholds that substantially
impact the economic viability of the system within each country. The
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break-even points for the discount rate and wind speed are graphically
represented for Tiirkiye in Figs. 23 and 24, and the discount rate and
load demand for Egypt in Figs. 25 and 26. The figures illustrate the
correlation between parameter variations and the corresponding rise in
LCOE for the two locations examined.

The break-even ranges for the discount rate remain consistent across
all configurations and locations (Tables 6 and 7), with LCOE sensitivity
illustrated in Figs. 23 and 25 for Tiirkiye and Egypt's Economic config-
urations, respectively. In Tiirkiye (Fig. 23), the LCOE break-even range
for the Economical configuration is approximately 47.5-50 %, whereas
in Egypt (Fig. 25), it is lower at 27.75-30 %. These figures highlight the
sharp increase in LCOE beyond these thresholds, indicating that
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Fig. 24. Break-even analysis for wind speed in Tiirkiye (Economical Configuration).
surpassing these discount rates significantly elevates LCOE and may o Tiirkiye (47.5-50 % break-even): Current real discount rate = 0.28
result in negative NPV, particularly in the Economic configuration. The %. Break-even discount rate range = 47.5-50 %, which is the nom-
lower break-even range in Egypt suggests greater economic sensitivity to inal interest rate baseline. If future nominal rates exceed this range
discount rate fluctuations compared to Tiirkiye. (accounting for inflation), system NPV becomes negative.
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Table 6
Break-even points for highly sensitive parameters — Tiirkiye.
Total Net Present Cost (TNPC) Break-even Ranges
Sensitivity Economical Resource-Efficient Sustainable
Parameter
Discount Rate ~30-35 % of ~30-35 % of ~30-35 % of
Baseline Baseline Baseline
Inflation Rate ~40-47.1 % of Not Clearly ~40-47.1 % of
Baseline Defined Baseline
Wind Speed ~90-100 % of ~90-100 % of ~90-100 % of
Baseline Baseline Baseline
Load Demand ~90-100 % of ~100-110 % of ~90-100 % of
Baseline Baseline Baseline
Levelized Cost of Energy (LCOE) Break-even Ranges
Sensitivity Economical Resource-Efficient Sustainable
Parameter

Discount Rate
Inflation Rate
Wind Speed

Load Demand

~47.5-50 % of
Baseline
~30-35 % of
Baseline
~90-100 % of
Baseline
~90-100 % of
Baseline

~47.5-50 % of
Baseline
~30-35 % of
Baseline
~90-100 % of
Baseline
~100-110 % of
Baseline

~47.5-50 % of
Baseline
~30-35 % of
Baseline
~90-100 % of
Baseline
~90-100 % of
Baseline
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Table 7

Break-even points for highly sensitive parameters — Egypt.

30

Total Net Present Cost (TNPC) Break-even Ranges

Sensitivity Economical Resource-Efficient Sustainable

Parameter

Discount Rate ~15-20 % of ~15-20 % of ~15-20 % of
Baseline Baseline Baseline

Inflation Rate ~25-26.4 % of ~26.4-30 % of ~25-26.4 % of
Baseline Baseline Baseline

Wind Speed ~70-80 % of ~80-90 % of ~70-80 % of
Baseline Baseline Baseline

Load Demand ~90-100 % of ~110-120 % of ~90-100 % of
Baseline Baseline Baseline

Levelized Cost of Energy (LCOE) Break-even Ranges

Sensitivity Economical Resource-Efficient Sustainable

Parameter

Discount Rate
Inflation Rate
Wind Speed

Load Demand

~27.75-30 % of
Baseline
~25-26.4 % of
Baseline
~70-80 % of
Baseline
~70-80 % of
Baseline

~27.75-30 % of
Baseline
~25-26.4 % of
Baseline
~80-90 % of
Baseline
~70-80 % of
Baseline

~27.75-30 % of
Baseline
~25-26.4 % of
Baseline
~90-100 % of
Baseline
~70-80 % of
Baseline

o Egypt (27.75-30 % break-even): Current real discount rate = 1.07
%, higher than Tiirkiye's. Break-even discount rate = 27.75-30 %,
closer to Egypt's baseline nominal rate (27.75 %). This narrow
margin indicates Egypt's system is more economically fragile and
vulnerable to interest rate increases.

The LCOE break-even range for the inflation rate is approximately
30-35 % of the baseline in Tiirkiye and 25-26.4 % of the baseline in
Egypt across all configurations. Below this inflation rate threshold, the
LCOE escalates rapidly in both locations, underscoring the significant
economic risk associated with underestimating inflation or experiencing
deflationary pressures.

o Below the break-even inflation threshold, nominal cash flows (O&M,
fuel) grow slower than the discount rate, increasing real present

costs.

e Tiirkiye's 30-35 % threshold: With baseline inflation = 47.09 %, a
decrease to 31.4 % (mid-point 30-35 %) still exceeds most developed
economies' inflation rates, indicating Tiirkiye's system is robust to
inflation moderation.
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o Egypt's 25-26.4 % threshold: With baseline = 26.4 %, the break-
even is essentially at current levels, indicating any inflation
decrease poses serious economic risk.

The critical wind speed threshold for the Economic configuration is
consistently observed at 90-100 % of the baseline in Tiirkiye (Table 6)
and 70-80 % in Egypt (Table 7). Below these thresholds, LCOE increases
sharply, indicating a significant decline in economic viability. Egypt's
lower wind speed threshold suggests greater sensitivity to wind vari-
ability, highlighting the need for thorough wind resource assessments
and potentially more conservative system designs to mitigate economic
risks, particularly in Egypt's Economic configuration.

e Tiirkiye (90-100 % threshold): Economical configuration uses N,
=15. A 10 % wind speed reduction decreases generation by ~27 %
(cubic relationship, Equation 8), requiring storage expansion. LCOE
increases by ~18.1 % (from sensitivity analysis) but remains viable.
Egypt (70-80 % threshold): Economical configuration uses Ny, = 5
(only 9 % of renewable capacity). A 20-30 % wind speed reduction
has catastrophic relative impact, forcing oversized PV/storage,
driving LCOE from $0.0261 to near $0.040/kWh—the Resource-
Efficient threshold.

The break-even range for load demand is around 90-100 % of the
baseline in Tiirkiye and 70-80 % in Egypt (Tables 6 and 7), below which
the LCOE exhibits significant sensitivity to demand decreases. This
pattern highlights the economic consequences of faulty load forecasting
or unexpectedly low demand, notably in Egypt.

e Load forecasting risk: A 20 % shortfall in EV charging demand
(below 70-80 % threshold in Egypt) requires the system to operate at
part-load, increasing capital cost per kWh served. A 10-charger sys-
tem sized for 8 vehicles/hour peak providing only 6.4 vehicles/hour
is less economically efficient.

e Egypt's lower threshold (70-80 %) reflects the economical configu-
ration's tight margins; reduced demand directly threatens
profitability.

o Tiirkiye's higher threshold (90-100 %) reflects larger baseline de-
mand (16 vehicles/hour) and higher tariffs, providing cushion for
demand shortfalls.

As described in Tables 6 and 7 and depicted in Figs. 23-26, the break-
even analysis emphasizes essential economic thresholds for the discount
rate, inflation rate, wind speed, and load demand. These benchmarks are
crucial for investment choices, highlighting the necessity for effective
risk management to guarantee the financial viability of hybrid renew-
able energy systems across diverse economic and operational situations
in both areas.

5. Conclusions

This study presents a comprehensive four-objective optimization
framework using the Indicator-Based Evolutionary Algorithm (IBEA) for
designing hybrid renewable energy microgrids dedicated to EV
charging. The framework simultaneously minimizes LCOE, LPSP, and
curtailment ratio while maximizing renewable fraction, with strict
enforcement of zero-LPSP constraints. Photovoltaic arrays, wind tur-
bines, battery storage, and hydrogen storage are integrated through a
specialized rule-based energy management system, validated through
comparative case studies in Egypt (Suez—Attaka) and Tiirkiye (Yalova).

6. Key findings
Regional context critically determines optimal microgrid design and

economic performance. Tiirkiye achieves a 51.3 % lower LCOE
($0.0173/kWh vs. $0.0261/kWh), higher renewable fraction (RF =
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53.03 % vs. 50.35 %), and substantially lower curtailment ratio (CR =
17.11 % vs. 27.67 %) compared to Egypt in the economical configura-
tion. These advantages stem from Tiirkiye's balanced solar-wind
resource mix, more developed EV market enabling superior asset utili-
zation, lower real discount rate (0.28 % vs. 1.07 %), and higher elec-
tricity tariffs. Egypt's solar-dominant profile necessitates substantially
larger battery capacity (227 units vs. 34 units) to manage renewable
variability. Sensitivity analysis identifies financial parameters as domi-
nant cost drivers, with discount rate variations of +10 % causing
+18.4-22.7 % LCOE impacts and inflation rate variations producing
+16.2-19.8 % changes. Operational parameters govern real-time per-
formance, with wind speed and load demand variations inducing
+14.6-18.1 % and +12.8-14.2 % LCOE impacts, respectively. Break-
even analysis reveals critical economic viability thresholds: Tiirkiye's
economical configuration remains viable across discount rates of
47.5-50 %, while Egypt's narrower threshold (27.75-30 %) indicates
greater financial fragility. All optimized solutions achieved strict LPSP <
0.001 %, demonstrating practical enforceability of zero-LPSP con-
straints through coordinated battery-hydrogen storage systems.

7. Future research directions

To address identified limitations and advance the field, future
research should focus on:

1. Advanced Control Strategies: Implementing model predictive
control (MPC) and deep reinforcement learning algorithms to opti-
mize energy management under real-time uncertainties more effec-
tively than rule-based systems.

2. Degradation and Lifecycle Modeling: Incorporating stochastic
physics-based aging models for PV panels, batteries, fuel cells, and
electrolyzers to enable realistic long-term performance projections
and optimal component replacement scheduling.

3. Grid Integration Dynamics: Extending the framework to analyze
grid-connected configurations with vehicle-to-grid capabilities, dy-
namic tariff structures, and ancillary service provision to evaluate
demand response benefits.

8. Contributions and practical implications

This research advances the state-of-the-art by demonstrating that
strict zero-LPSP reliability can be achieved at LCOE values substantially
lower than comparable systems reported in recent literature, while
providing a systematic framework for context-aware microgrid design.
The study offers critical insights for policymakers, energy planners, and
investors, emphasizing the importance of balanced renewable resource
portfolios, robust financial risk management, and hybrid storage inte-
gration. The identified break-even thresholds provide essential bench-
marks for investment decisions, while the systematic Egypt-Tiirkiye
comparison provides generalizable insights applicable to similar regions
worldwide, contributing to the advancement of sustainable electrified
transportation infrastructure and cleaner energy systems.
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