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Abstract

Power grids everywhere are absorbing more and more renewable energy, and that shift is not
without growing pains — stability, reliability, and day-to-day operational efficiency all come under
pressure once solar and wind start to dominate the generation mix. In this paper we set out a hybrid
energy management strategy (HEMS) built for smart grids that combine photovoltaic arrays, wind
turbines, battery storage, and a diesel generator kept in reserve for backup. Rather than relying on a
single control philosophy, the approach layers model predictive control (MPC) together with a rule-
based decision layer and a fuzzy logic coordinator, the idea being to dispatch power in real time
while keeping both cost and emissions down. We built a full simulation environment in
MATLAB/Simulink to test the multi-source microgrid across different seasons, loads, and weather
conditions, then modeled a 100 kW pilot microgrid representative of Libya's arid climate and ran
the simulation over a full twelve-month cycle. Over that period the HEMS reached a renewable
utilization rate of 91.7%, cut annual operating costs by 37.5% relative to a conventional dispatch
approach, and reduced CO: emissions by 28.4 tons per year, all while holding a grid reliability
index of 99.1% — a result that compares favorably with what has been reported elsewhere in the
literature. Taken together, these findings suggest the strategy is a realistic option for both islanded
and grid-connected microgrids operating in hot, arid climates.

Keywords: Smart grid; Energy management system; Renewable energy; Model predictive control;
Fuzzy logic; Microgrid optimization; Battery storage; Cost minimization.

1. Introduction

The push toward low-carbon electricity has picked up speed in recent years, and distributed
renewable sources — solar PV and wind in particular — are a big part of why. Worldwide
renewable capacity had already passed 3,870 GW by 2024, and solar and wind alone made up more
than 65% of all new installations that year . Smart grids have come along at the same time, largely
because someone has to figure out how to fold these intermittent sources into the existing
infrastructure without wrecking reliability or power quality.

The catch is that solar irradiance and wind speed are inherently unpredictable, and that
unpredictability carries straight through to grid operation. Too much generation at once can
overload distribution lines or push voltages out of range; too little forces load-shedding, which
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frustrates customers and eats into economic output . The problem is especially acute in microgrids
that serve remote or rural areas with no fallback beyond what they generate themselves.

This is where the energy management system (EMS) comes in — it is essentially the brain of the
microgrid. A good EMS has to juggle several different generation sources at once, manage when
the battery charges and discharges, coordinate backup generation, and track a load that never stays
still, and it has to do most of this in near real time . Simple rule-based switching cannot really keep
up with that many moving parts, which is why more sophisticated control strategies have become
necessary.

The literature reflects several competing control philosophies. Rule-based methods are cheap to
compute and simple to implement, but they do not adapt well when conditions fall outside what was
anticipated . Fuzzy logic controllers do better with linguistic uncertainty, though most of the designs
in the literature target steady-state behavior rather than transient disturbances . Model predictive
control (MPC) has drawn a lot of attention because it can fold forecast data into an optimization
over a finite horizon . Reinforcement learning (RL) has entered the conversation more recently as a
data-driven alternative , but long training times and weak generalization still stand in the way of
real deployment.

Our proposal tries to close that gap. We combine MPC optimization with a fuzzy logic coordinator
and a deterministic rule-based layer into a single three-tier HEMS, so that short-horizon
optimization, linguistic decision-making, and fail-safe operation all live under one framework. We
then tested the strategy over a full simulated year on a detailed pilot microgrid case study, which
gives us a kind of grounded, long-horizon evidence that is not that common in this line of research.

1.1 Research Contributions

In short, this work contributes the following: (i) a three-tier HEMS architecture that brings together
MPC, fuzzy logic, and rule-based control for managing a multi-source microgrid; (ii) a season-by-
season performance analysis built on real measured irradiance and wind speed data across four
climatic periods; (iii) a full economic assessment covering net present value (NPV), internal rate of
return (IRR), and payback period; and (iv) a detailed 100 kW pilot microgrid case study, run over a
full simulated year to give performance numbers that go beyond the seasonal snapshots.

2. System Architecture and Modeling
2.1 Microgrid Configuration

The microgrid we studied is grid-connected and built around four main components: a 50 kW PV
array, a 30 kW horizontal-axis wind turbine, a 100 kWh lithium iron phosphate (LFP) battery bank,

and a 20 kW diesel generator kept as a dispatchable backup. It feeds a mixed residential-
commercial load with a peak of 65 kW and a base load of 18 kW. A bidirectional inverter ties the
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AC and DC buses together, and a SCADA interface streams real-time measurements to the EMS
controller. Table 1 lists the full set of system parameters.

Table 1. Microgrid System Parameters

Component Parameter

PV Array Rated Power
PV Array Efficiency 18.5 %
Wind Turbine Rated Power 30 kW
Wind Turbine Cut-in Speed 35 m/s
Battery Storage Capacity 100 kWh
Battery Storage Round-trip Eff. 92 %
Diesel Generator Rated Power 20 kW
Load Demand Peak Load 65 kW
Load Demand Base Load 18 kW

2.2 PV Array Model

PV output is calculated with the single-diode equivalent circuit model, since it captures how
temperature and irradiance affect performance. The output power P_PV takes the form:

P PV(t)=n_PV - A_PV - G(t) - [1 - B(T_e(t) - T_ref)]

Here n_PV is the efficiency under standard test conditions, A PV is the total panel area, G(t) is
hourly solar irradiance in W/m?, B is the temperature power coefficient (0.0045/°C), T c is cell
temperature, and T_ref = 25 °C is the reference temperature. Cell temperature itself is estimated
from ambient temperature and irradiance through the nominal operating cell temperature (NOCT)
model.

2.3 Wind Turbine Model

The wind turbine follows the usual three-region piecewise power curve: nothing below cut-in (v_ci
= 3.5 m/s), maximum power point tracking between cut-in and rated speed (v_r = 12 m/s), and a flat
rated output from there up to cut-out (v_co = 25 m/s). Output power P_WT follows:

P WTt)=P r- (v(t)*—v_ ci®)/(v.rr—-v_ ci®),forv ci<v(t)<v r
Wind speed at hub height is extrapolated from the anemometer readings using the power law profile
with a surface roughness exponent of 0.14.
2.4 Battery Storage Model
For the battery bank we used a kinetic energy storage model to track state-of-charge (SOC)

dynamics, including coulombic efficiency on both charging (n_ch = 0.97) and discharging (n_dch =
0.95). SOC evolves according to:

SOC(t+1) = SOC(t) + [n_ch - P_ch(t) — P_dch(t)/n_dch] - At/ E_cap

Page 3


http://www.ijamred.com/

LIBYAN JOURNAL OF MEDICAL SCIENCES AND TECHNOLOGIES (LJMST) ISSN': 3136-4705
Volume 1, Issue 2 | Jul-Sep 2026 | ID: Ijmst.v1i2.001 | www.ljmst.com.ly

I@
e

Libyan Journal of
Medical Sciences and Technologies

To protect the battery and keep a margin available for frequency regulation, SOC is kept between
20% and 95%. Total capacity is 100 kWh, with a maximum charge/discharge rate of 50 kW.

3. Proposed Hybrid Energy Management Strategy

3.1 Three-Tier Control Architecture

The HEMS runs on three tiers, each working at a different time scale. At the top sits a 24-hour-
ahead MPC optimizer that turns weather forecasts and load predictions into reference set-points for
each source. Below that, a fuzzy logic coordinator nudges those set-points in real time, guided by
linguistic rules built around SOC level, renewable availability, and how far the load has drifted
from prediction. The bottom tier is a deterministic rule-based layer that enforces hard limits and
handles emergencies, for example switching on the diesel backup once battery SOC drops below
the minimum threshold.

This layered design means the system keeps working reasonably well even when the forecast is
missing or the communication link drops out, which matters a lot for remote microgrids where
connectivity is not always guaranteed.

3.2 MPC Optimization Formulation

At each control step the MPC layer solves a constrained linear program over a rolling 24-hour
horizon, in one-hour increments. The objective minimizes total operational cost — diesel fuel,
battery degradation, and a penalty for any unmet load:

min X [C_dg - P_dg(t) + C_bat - (P_ch(t) + P_dch(t)) + C_ens - P_ens(t)]
The problem is subject to power balance, source capacity limits, SOC bounds, and ramp-rate

constraints, and we solved it with MATLAB's linprog solver, refreshing the forecast at each step as
new measurements come in.

3.3 Fuzzy Logic Coordinator

The fuzzy coordinator takes two inputs — battery SOC (Low, Medium, High) and renewable
surplus (Deficit, Balanced, Surplus) — and outputs a continuous correction signal that is layered on
top of the MPC set-points. Nine if-then rules make up the rule base. Two examples: IF SOC is Low
AND Renewable is Deficit THEN run the diesel generator at maximum rate; IF SOC is High AND
Renewable is Surplus THEN export the excess to the grid. We used Mamdani inference with
centroid defuzzification to turn these rules into an actual correction signal.

4. Simulation and Experimental Setup

4.1 Simulation Platform
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We Dbuilt the microgrid model in MATLAB R2024a using the Simulink SimPowerSystems toolbox,
running each 24-hour profile at a 1-second timestep. Seasonal scenarios were built from
meteorological data representative of Libya's arid climate over 2023-2024, and we simulated one
representative day per season — four in total — to see how the strategy holds up across different
conditions.

4.2 Simulated Pilot Case Study

To push the evaluation beyond the seasonal snapshots, we modeled a 100 kW grid-connected pilot
microgrid, sized and configured to reflect a typical institutional site in Libya, and ran it through a
full twelve-month simulation. The modeled site includes a 50 kW rooftop PV array, a 30 kW small
wind turbine, a 100 kWh LFP battery bank, and a 20 kW diesel generator, with the HEMS
controller represented as an embedded industrial PC linked to a SCADA network over Modbus
TCP/IP. Simulated operational data was logged at one-minute resolution across the full twelve-
month run.

5. Results and Discussion

5.1 Strategy Performance Comparison

We compared four strategies under the same simulation conditions: conventional rule-based
dispatch, a standalone fuzzy logic controller, standalone MPC, and the proposed HEMS. Table 2
shows the proposed strategy coming out ahead on both renewable utilization (91.7%) and cost
reduction (37.5%). Most of the gain over standalone MPC seems to come from the fuzzy logic
layer's ability to correct in real time, catching forecast errors when clouds roll in or the wind gusts
unexpectedly.

Table 2. Performance Comparison of Energy Management Strategies

Strategy Renewable Utilization = Cost Reduction CO: Saved Grid Reliability
(%0) (%) (ton/yr) (%)

Rule-Based 71.3 18.4 12.6 94.2
Fuzzy Logic 78.6 24.1 17.3 96.1
MPC 83.2 29.7 21.8 97.4
Proposed HEMS 91.7 37.5 28.4 99.1

5.2 Seasonal Performance Analysis

Table 3 gives the monthly-averaged daily numbers across all four seasons of the simulation run.
Summer produces the most PV output, unsurprisingly, with irradiance topping 900 W/m2 for over
six hours most days. Winter leans more on wind, which tends to peak overnight when there is no
sun to speak of. Diesel usage follows the same pattern in reverse — 2.9 hours a day on average in
winter, against only 0.3 hours in summer.

Table 3. Seasonal Performance Metrics (Simulation Results)
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Season PV Output Wind Output Battery SOC Diesel Use
(kWh/day) (kWh/day) Avg (%) (hrs/day)

Spring 312 148 71 0.8 42.3
Summer 398 96 84 0.3 31.7
Autumn 241 173 66 14 54.8
Winter 148 221 58 2.9 73.2
Annual Avg. 274.8 159.5 69.8 1.35 50.5

Cost ($/day)

Battery SOC never drops below 58% in any season, so the HEMS is clearly doing its job of
avoiding deep discharge. One thing worth noting: in winter, the fuzzy logic layer starts precharging
the battery from diesel in the early morning to make sure there's enough reserve for the evening
peak — and that behavior was not explicitly programmed, it just emerged from the rule base.

5.3 Economic Analysis

We ran a twenty-year economic analysis to check whether deploying the HEMS actually makes
financial sense compared to a baseline without intelligent management. Table 4 pulls together the
key indicators from the simulation-based cost data. Annual savings come to $10,672, with a 4.2-
year payback period and a net present value of $62,350 at an 8% discount rate. The internal rate of
return, 23.8%, comfortably clears the minimum threshold typically used for utility-scale energy
projects, which suggests this is a genuinely attractive investment.

Table 4. Economic Analysis Summary (20-Year Horizon)

Economic Indicator Without HEMS With HEMS

Annual Energy Cost (3$) 28,460 17,788

Annual Savings ($) — 10,672
CO:; Emissions (ton/yr) 47.3 18.9
Payback Period (years) — 4.2

Net Present Value ($) — 62,350
IRR (%) — 23.8
Renewable Fraction (%) 43.2 91.7

5.4 Comparison with Published Literature

Table 5 lines up the proposed HEMS against recently published methods for hybrid microgrid
management, and it comes out ahead of all of them on both renewable utilization and cost
reduction. One practical advantage worth pointing out: reinforcement learning approaches typically
need months of training and struggle once the tariff structure changes, whereas the HEMS can just
be reconfigured — update the MPC cost coefficients, adjust the fuzzy rule weights — without any
retraining. That makes it a better fit for real deployments where conditions keep shifting.

Table 5. Comparison with Related Work in the Literature

Reference Renewable Util.  Cost Reduction Limitation
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[5] Rule-Based 68 15 Single source only

[8] Fuzzy Logic 76 22 No forecasting

[11] MPC 82 28 High complexity

[14] Reinforcement L. 87 33 Long training time
This work HEMS (Hybrid) 91.7 375 Full-year simulation
study

6. Conclusion

In this paper we set out a hybrid energy management strategy for smart microgrids that brings
together PV, wind, battery storage, and diesel backup. The three-tier architecture — MPC, fuzzy
logic coordination, and rule-based safety enforcement — delivered a 91.7% renewable utilization
rate, cut operational costs by 37.5%, and kept the grid reliability index at 99.1% across a full
simulated year of operation.

The seasonal results show the strategy adapting well to how solar and wind complement each other
through the year, with the fuzzy logic layer smoothing over forecast uncertainty as it goes. On the
economic side, a 4.2-year payback and a 23.8% IRR make a solid case for deploying this kind of
system in both islanded and grid-connected microgrids in hot, arid regions like Libya.

Looking ahead, we plan to look at demand response programs and vehicle-to-grid interactions as
ways to add more load flexibility, and we are also interested in extending the approach to multi-
microgrid coordination through peer-to-peer energy trading.
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