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One of the finest solutions for supplying electrical energy in rural places is to
Article History: use hybrid renewable energy. When using renewable energy sources to meet
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their inherent unpredictability and random stochastic nature, which made
planning and forecasting for such resources challenging. To represent
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1. INTRODUCTION

Micro grid is an effective way of implementing small-scale distributed generation resources in large power grids,
in order to be able to provide power for growing loads. The micro-grid serves as an accumulation of electric loads and
distributed generation resources (mostly renewable resources such as wind and solar) along with energy storage
devices, as an integrated system, generating heat and power. Integrated micro-grid with renewable energy resources
and small-scale distributed generation is a safe and effective solution to the energy crisis On the other hand, the desire
to install energy storage batteries in the grid has increased due to the challenges of fluctuations in wind turbine
production units and solar cell production as renewable energy resources in micro-grids and central micro-grid
control., This tendency is due to the need for additional energy storage at times of sufficient access to and use of
energy resources when needed and inadequate. For this reason, storages capacity have an important role in reducing
micro-grid costs. The problem of reducing operating costs in micro-grid is one of the main tools for optimizing the
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management of smart grids or micro-grid control centers, in which efficient output of storage and distributed
generation units with regard to all equal and unequal constraints, reducing grid costs.

The fundamental rule of all power systems is to maintain the balance between load and generation. When it comes
to rural and remote areas, there is now a trend toward using tiny, isolated power systems rather than centralized power
production systems [1].

The micro-grid can be introduced as a low voltage distribution network, which includes distributed generations,
storages and loads, and can be exploited either directly or separately from the network [2]. From power system point
of view, the micro-grid can be considered as a controlled element that is connected to the main distribution system.
The power may come in or out of the micro-grid. From the point of view of the consumer, the micro-grid can not only
supply energy, it can also improve local reliability, reduce pollution, and with exploiting distributed resources,
storages, and loads it can participate in providing cheap energy [3].

Due to these features, attentions both in industry and academia are increasingly focused on it [4].

In order to achieve these benefits and provide energy in a reliable, economical and consistent way Several resources
of distributed generation, storage and load should be exploited in a coordinated manner. To achieve this, the existence
of a planning system for micro-grid is important. This planning system should anticipate the output of renewable
resources and market prices, and consider technical constraints to plan, as well as specify the connection of the micro-
grid to the main distribution system when participating in the electricity market. Significant efforts have been made
to optimize planning and management of the micro-grid [5].

Although numerous studies have been done on cost reduction issues, most of them, regardless of the impact of
storage optimization size, have been on reducing the operating costs of micro-grids. By using linear programming,
the operating cost of the micro-grid has been optimized and the charging status of the storages has improved [6].

An algorithm for optimizing particles swarm in order to reduce the cost of operation in a micro-grid that has been
applied to this problem [7].

By an adaptive mesh algorithm, the strategy and effective operating cost reduction for a micro-grid are estimated
[8]. Bee mating optimization algorithm is used to reduce the operating cost of a micro-grid, consisting of a
photovoltaic system, a wind turbine, a fuel cell, regardless of the technology of storage batteries, in which active
power losses and voltage drops and total energy costs are reduced [9].

An algorithm which is expressed as a multi-objective problem has been developed to minimize the cost and
pollution of a grid [10].

The best power and pricing for the MG are obtained using a GA-based optimization approach. The production of
regional DGs and power exchanges with the main distribution grid are then optimized to maximize the net present
value of the micro-grid during interconnected operation using an objective function based on the overall net present
value [11].

2. THE SYSTEM UNDER STUDY

This study focuses on the microgrid of a university in Hungary, as illustrated in Figure 1. By leveraging a virtual
power plant (VPP) framework and an integrated development system, the objective is to identify the optimal power
management strategy within this small-scale network. Effective utilization of the system requires the VPP to access
consistent data inputs to determine the contributions from wind power, photovoltaic (PV) systems, fuel cells, and
battery charging/discharging operations.

Wind power generation is highly dependent on weather conditions; however, its production can generally be
forecasted over a 24-hour horizon, and dispatch decisions are influenced by its competitive pricing. Similarly, PV
output can be predicted based on historical sunlight patterns and expected solar conditions across different hours of
the day. Fuel cells, while offering a stable output over time, are constrained by the available hydrogen fuel supply.
Battery discharge capacity is governed by both its maximum output limits and the current stored energy levels.
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Load predictions are made using multiple models, with many loads adjustable through demand-side management
(DSM) strategies. To maintain system stability, the VPP can establish reserve margins, typically maintaining at least
10% of the forecasted load as a minimum reserve.

A case study is conducted on this microgrid, which is interconnected with the upstream power grid. The system
integrates wind turbines, PV arrays, fuel cells, diesel generators, and batteries, with the microgrid’s 24-hour load
profile detailed in Figure 2.
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Fig. 1. Under studied micro-grid includes resources like wind, PV, FC and load
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Fig. 2. The micro-grid load pattern in 24 hours

The price of power generation by different units and the cost of undelivered energy are presented in Table 1. These
values are assumed to be the same for all study hours and scenarios.

Table 1. Cost of generation power of units

Type of energy Price(e/kwh)
Wind 0.4
PV 0.4
Fuel cell 0.9
Battery charge 0.4
Battery disCharge 0.6
Undelivered energy 1.5
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The electricity selling tariff for a 24-hour period is shown in Figure 3:
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Fig. 3. Power selling tariff

The cost function of the diesel fuel generator is as follows:

Cost=0,*P?+a,*P+03 (D

For solving the problem, we consider it as a piecewise-linear, containing 100 pieces. The specification of the cost
function factors and the minimum-maximum output of the diesel generator are presented in Table 2.

Table 2. Specifications of the cost function of diesel generator

Coefficients a1 o2 o3 P min(kw) P max(kw)
AT 1.112100 1.2220 3.028 0.1 0.81

2.1. Stochastic Programming

Making decision is always a solution to an optimization problem. Now if the inputs of the optimization problem
are definite, the decision is optimal and the decision can be made by solving this problem. But the input information
is not always definite and it has uncertainties that can be described by the probability distribution function. In such
cases, the making decision will not be clear. A solution is the use of expected values, which will be like a definite
solution and may not lead to favorable outcomes. But the probabilistic distribution of input information can be
estimated with a group of possible events which is likely to occur. This type of programming is called stochastic
programming. For example, three sets of input data with three probability occurrence rates, the sum of which will be
equal to one, thus we have found an optimal response, this response, while not dependent on any of the inputs solely,
is associated with and affects all of them. Since the input information has uncertainty, the objective function is
uncertain too and random variables must be classified and each of them must be entered with the probability of its
category. Another method for maximizing the objective function is to maximize the expected value for the target
function in such a way that the variance is limited. The use of the above-mentioned problem answers is correct when
the entire categories of input information are considered with their respective probability. This answer is not the best
answer for each entry group, and only when all input groups are considered this answer will be the best answer. The
main problem in the Stochastic Programming is its heavy calculations, and these calculations may lead to divergence.
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3. PROBLEM FORMULATION
3.1. Random variable

In stochastic programming, each variable with uncertainty is modeled as a random variable, and each random
variable is expressed as a series of events or finite scenarios in the form of equations (1).

Mns)={M1),M2),...,Mns)} 2)
Each scenario represented by A (o) is associated with a probability ( (o)) which is defined as follows:

n(®)=P(o | A=Mw)) , Ym(o)=1 3)
The cumulative probability function of the scenarios can be defined as:

Fm)=P(o | M@)<n) =% n(0) , (0€n) “)

The above equations relate to discrete data. To calculate the probability of a discrete random variable, we can use
the probability mass function, which is equivalent to the probability density function in the continuous space from the
graphical point of view, Pmfis not suitable for displaying discrete variables, and it is recommended to use the adjusted
Pdf.

3.2. Objective function

Choosing the appropriate objective function is the most important decision in the optimization problem. Electricity
purchasing tariffs (or.electricity selling tariffs) are considered in objective function. The main purpose of the cost
function is to provide the required power for load with the lowest operating cost. Also, the cost of the diesel generator
as well as the cost of the electricity sent to the network is also considered. In addition, the objective function has been
rewritten as a stochastic problem with probabilistic scenarios. This objective function is described as follows:

24 Ns

Cost= Z { Z ps x(Qs(t)+PFC,s(t) xCFC+Pw,s(t) xCw+Ppv,s(t) xCpv — PBSC,s(t) x<CBSC )
=1 s=1
+PBSDC,s(t) X CBSDC+PUE, 5(t) X CUE-PEE,s(t) X CEE) }

Simulation is considered for each specific hour and Ns scenario. Q is the cost of generating power in diesel
generator at time t and scenario s.

3.3. Constraints

At any time (t) and in each scenario(s) the balance of power between generators and the load and the grid must be
maintained.

Py s(t)+Ppv () PsspC s(t)+Prc s(t)+Pp s(t)-Prsc,s(t)-PeE,s(t)=PrLoad,s(t) 6)

Power generation of wind turbine should be less than the maximum wind turbine output at any time (t) and
scenario (s).

Pw s()<Pw Limit @)

Power generation of photovoltaic should be less than the maximum photovoltaic output at any time (t) and
scenario (s).

Prvs ()<Ppv Limit (8)
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Power generation of fuel cell should be less than the maximum fuel cell output at any time (t) and scenario (s).

Prc s (1)<Prc Limit ©)
Power generation of diesel generator is between its minimum generation and maximum generation.
Pp,s min(t)<Pp,s(t) < Pp,s max(t) (10)
Battery capacity at any time (t) and any scenario (s) is less than its maximum capacity.
Psp.s (1)<PsB max (11)
Battery discharge at any time (t) and any scenario (s) is less than the maximum discharge amount of the battery.
Psspcs (1)<Ppspc max * X(t) (12)
Battery charge at any time (t) and any scenario (s) is less than the maximum charge amount of the battery.

Pasc,s (1)<PBsc max % Y(t) (13)

In order to eliminate the simultaneous charge and discharge of the battery, and to determine the energy stored in
the battery as a time-dependent parameter, the following equation exists:

X(t)+Yy(H)=1 , X, Y€ {0,1} (14)

In other words, at any time (t) and scenario (s), the battery cannot be charged and discharged at the same time. The
amount of battery discharge at the moment t and scenario s should be less than the battery storage in the moment
before it.

Psspc,s (t) — Psps(t-1)<0 (15)

The amount of battery charge at the moment of t and the scenario of s plus the battery storage in the previous
moment should be less than the maximum storage capacity of the battery.

Pasc,s (t) + Psg,s(t-1)<PsB max (16)

The amount of battery storage at the moment t and scenario of s is equivalent to the battery storage at the moment
t-1 plus the battery charge at the moment t minus the battery discharge at the moment t (battery power balance)

Psps (t) = Psps(t-1)-Pespc,s(t)+Pasc,s(t) (17

The battery storage at zero time is equal to the initial battery power

Psg (t=0) = P initial (18)

The undelivered power at the moment t and scenario s should be less than the amount of load

Pugs(t) <P Load() (19)

4. STOCHASTIC SCENARIOS IN THE STUDIED GRID

Because solar irradiance and wind speeds fluctuate unpredictably, we adopt a stochastic, scenario-based framework
to capture these uncertainties in modeling the power output of both wind turbines and photovoltaic (PV) arrays. In
practice, we define three representative weather scenarios each reflecting a distinct combination of irradiance and
wind conditions that collectively span the range of likely operating environments. For each scenario sss, we compute
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the expected power outputs P and P"” using the manufacturers’ performance curves and the scenario’s
meteorological profiles.

To integrate this uncertainty into our optimization, we assign a probability ms to each scenario, representing its
likelihood ;based on historical weather data and statistical analysis. These probabilities satisfy

Z 7, =1, (20)
s=1

ensuring a complete and mutually exclusive partition of the forecast space. Table 3 summarizes the estimated values
of my, m, and m3. During power scheduling, the micro-grid’s objective function and constraint evaluations incorporate
these probabilities, effectively weighting each scenario’s contribution to expected cost, fuel consumption, and
renewable utilization metrics. By optimizing across all scenarios in this probabilistic manner, the resulting generation
dispatch plan is robust performing well not only under the most probable conditions but also maintaining reliability
and economic efficiency when the weather deviates from the norm.

Table 3. Probability of occurrence of each scenario in each power generation unit

Wind scenarios probability PV scenarios Probability
Scenariol 0.2 Scenariol 0.15
Scenario2 0.6 Scenario2 0.7
Scenario3 0.2 Scenario3 0.15

The new table will include nine scenarios in which probability of occurrence of each scenario is obtained from the
product of the probability of previous scenarios in each other. These new scenarios and their probabilities are shown
in table4.

Table 4. Scenario probabilities

Final Scenarios Probability
Scenariol 0.03
Scenario2 0.14
Scenario3 0.03
Scenario4 0.09
Scenario5 0.42
Scenario6 0.09
Scenario7 0.03
Scenario8 0.14
Scenario9 0.03

Scenario 1, combining wind scenario 1 with solar (PV) scenario 1, is defined as the new combined scenario 1.
Similarly, combining wind scenario 1 with solar scenario 2 results in the new combined scenario 2, and so forth. The
detailed combinations of new scenarios for wind and photovoltaic (PV) systems are presented in Tables 5 and 6,
respectively.
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5. SIMULATION RESULTS

Simulation is done by using data consist of probability scenarios for wind and the sun, using the objective function,
existing data such as the constraints which are proposed power generation, the tariffs for power generation and load.
As expected, the result consists of 9 scenarios. For instance, scenario 1,4 and 9 are shown in table7, table8 and table9
respectively. The optimal power generation planning in each scenario is based on the generation cost of each generator,
which is diesel, wind, photovoltaic, discharger, fuel cell, respectively. In each scenario and at any particular time, all
constraints, including the balance of power, are maintained.

Table 7. Power generation of units in scenariol

Hour Diesel Wind PV Fuel cell Charge Discharge Sell
1 161.8 97.5 0 20.7 0 0 0
2 127.5 112.5 0 0 0 0 0
3 115.6 105 0 0 10.6 0 0
4 115.6 120 0 0 35.6 0 0
5 115 75 0 0 0 0 0
6 136.25 90 3.75 0 0 0 0
7 160 112.5 7.5 0 0 0 0
8 161.8 135 225 80 0 0 99.3
9 161.8 127.5 45 80 0 0 94.3
10 161.8 120 75 80 0 0 106.8
11 161.8 90 97.5 80 0 0 139.3
12 147.5 97.5 105 0 0 0 0
13 125 112.5 112.5 0 0 0 0
14 114.95 132 105 0 21.95 0 0
15 115.6 138.75 97.5 0 31.85 0 0
16 161.8 90 75 32 0 0 0
17 161.8 97.5 45 35.7 0 0 0
18 161.8 105 22.5 60.7 0 0 0
19 180 127.5 7.5 80 0 50 85
20 180 142.5 3.75 80 0 50 86.25
21 180 90 0 80 0 50 20
22 180 127.5 0 80 0 50 87.5
23 161.8 97.5 0 70.7 0 0 0
24 161.8 112.5 0 45.7 0 0 0

By analyzing the optimal scenario planning, several key factors help validate the simulation results:

e All problem constraints are successfully satisfied.

e Optimal power generation is achieved in each scenario, taking into account the cost hierarchy of the
generators namely diesel, wind, photovoltaic (PV), battery discharge, and fuel cell, respectively.

e  The scheduling of wind and PV units is closely aligned with the predicted load demand.

e Battery charging consistently occurs during periods of low demand (2:00-5:00 AM and 1:00-3:00 PM),
when electricity purchase from the grid is most cost-effective. This strategy is economically justified, as the
cost of purchasing energy during these low-demand hours is lower than the potential revenue from selling
energy back to the grid.

e Energy sales to the grid are maximized during high-price periods, specifically between 8:00 AM—12:00 PM
and 7:00-10:00 PM.

e  Maximum battery discharge is used to meet peak load demands between 7:00 PM and 10:00 PM, as well as
to supply energy for sale to the grid during the profitable window of 8:00—11:00 AM.
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Charge Discharge Sell
0 3.6 0
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0 0 0
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0 50 2193
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0 0 0
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Charge Discharge Sell
0 42 0
11.2 0 0
28.8 0 0
62.8 0 0
0.8 0 0
0.6 0 0
0 0 1
0 50 243.8
0 50 247.8
0 50 273.8
0 50 301.8
0 0 75.6
64 0 0
103.2 0 0
32.8 0 79.2
0 0 0
0 0 0
0 0 3.2
0 50 166
0 50 174
0 50 74
0 50 164
0 0 0
0 0 0
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6. CONCLUSION

Hybrid power systems integrate multiple components — including generation units, storage systems, control
mechanisms, and power management systems — to produce electricity efficiently. As the role of micro-grids
continues to expand in the electricity sector, one of the most critical challenges is the optimal distribution of power
among the various generation units. Addressing this challenge is essential for ensuring reliability, cost-effectiveness,
and sustainability in micro-grid operations.

This paper investigated the optimal planning of a grid-connected micro-grid using a mixed-integer programming
approach. The studied micro-grid incorporates renewable energy sources such as wind and solar, alongside batteries
and fuel cells. A case study was conducted on a real system at a university in Hungary, with the goal of minimizing
operational costs. The virtual power plant (VPP) within the system uses centralized control to manage both power
generation and load distribution optimally.

Simulations were performed using GAMS software, applying both the CPLEX solver and a genetic algorithm for
comparison. The calculated operational cost over a 24-hour period was $3183 using the proposed method and $3352
using the genetic algorithm — yielding a cost savings of $169 with the proposed optimization approach. These
results highlight the efficiency and economic advantages of the proposed method over more conventional
optimization techniques.

7. SUGGESTIONS FOR FUTURE WORK

e Incorporate advanced load forecasting methods such as neural networks and time-series models to
enhance the accuracy and reliability of generation planning.

e  Apply time- and energy-based variable tariffs to promote a dynamic balance between generation and
consumption, aligning economic incentives with operational goals.

e Integrate advanced metering infrastructure (AMI) into the simulation framework to enable real-time data
exchange and improve control and responsiveness in smart grids and distributed micro-grids.

e Design a secondary control layer to maintain the balance between generated and consumed power,
particularly during micro-grid islanding or separation events.

e Develop intelligent loss control mechanisms for the simultaneous coordination of voltage and frequency
across the system, ensuring stable and efficient operation.

e  Simulate communication links between micro-grid components to better understand the interactions,
dependencies, and vulnerabilities across the system, supporting more robust and adaptive control
strategies.
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