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Abstract

Standalone microgrids in isolated areas often use gas turbines to provide reliable electricity. However, when the
power demand becomes very high, the gas turbine must work under heavy load conditions. This can increase fuel
consumption, speed up equipment aging, and raise maintenance costs. This project proposes a method based on
power forecasting to reduce peak loads in a standalone microgrid that uses a gas turbine and photovoltaic (PV)
energy. The method uses historical operating data to predict the total power output of the microgrid and identify
the periods when peak demand may occur. After detecting these expected peak periods, the suitable size of the PV
plant can be selected so that solar energy can help supply the load during critical times. In this way, the PV system
contributes to peak shaving and reduces the power stress on the gas turbine. By limiting the operation of the gas
turbine under extreme load conditions, this approach can help extend its lifetime, reduce maintenance costs, and
keep the electricity supply reliable. Therefore, combining power forecasting with proper PV sizing can improve
both the technical and economic performance of standalone microgrids.

Keywords: microgrid system; peak load shaving; photovoltaic system; battery energy storage system; peak shaving

technique;power forecasting
Résume

Dans les zones isolées, les micro-réseaux autonomes utilisent souvent des turbines a gaz pour assurer une
alimentation électrique fiable. Cependant, lors de pics de consommation, la turbine a gaz doit fonctionner a pleine
charge, ce qui peut accroitre la consommation de carburant, accélérer le vieillissement des équipements et
augmenter les colts de maintenance. Ce projet propose une méthode de prévision de la consommation pour réduire
les pics de charge dans un micro-réseau autonome utilisant une turbine a gaz et 1'énergie photovoltaique (PV). La
méthode exploite les données d'exploitation historiques pour prédire la production totale du micro-réseau et
identifier les périodes de forte demande. Une fois ces pics identifiés, la taille optimale de la centrale PV est
déterminée afin que 1'énergie solaire contribue a 1'alimentation lors des pics critiques. Ainsi, le systéme PV
contribue a I'écrétement des pointes de consommation et réduit la sollicitation de la turbine a gaz. En limitant le
fonctionnement de la turbine a gaz en cas de forte charge, cette approche permet d'allonger sa durée de vie, de
réduire les colits de maintenance et de garantir la fiabilité de I'approvisionnement en électricité. Par conséquent, la
combinaison de la prévision de la consommation et d'un dimensionnement approprié du systéme PV permet
d'améliorer les performances techniques et économiques des micro-réseaux autonomes.

Mots-clés : systéeme de micro-réseau ; écrétement des pointes de consommation ; systéme photovoltaique ; systéme

de stockage d'énergie par batterie ; technique d'écrétement des pointes ; prévision de la production d'énergie

i
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General Introduction

The demand for reliable, sustainable, and low-cost electrical energy is increasing in many
parts of the world. This has encouraged the development of hybrid power systems, which
combine conventional energy sources with renewable energy sources such as solar or wind
power [1], [2]. These systems are especially important in isolated microgrids, where electricity
must be produced, controlled, and consumed locally without direct support from a large external
power grid [2], [3]. In such areas, the continuity of power supply is a major concern because
any failure in generation can directly affect homes, industries, and essential services [3]. Gas
turbines are often used as the main source of electricity in isolated microgrids because they are
flexible, can start and respond quickly, and are able to follow changes in electrical demand [4].
However, the power demand is not always constant. During certain periods of the day or year,
electricity consumption can rise suddenly and create peak loads. These peak loads force gas
turbines to operate under difficult conditions, which can increase thermal and mechanical stress
on the equipment. As a result, the turbine may consume more fuel, require more maintenance,
and suffer from faster degradation over time [5]. For this reason, managing and reducing peak
loads has become an important operational task in isolated microgrids. Good peak-load
management can improve system reliability, reduce fuel consumption, lower operating costs,

and extend the lifetime of the gas turbine while maintaining a stable power supply for consumers
[6].

This thesis is organized into three chapters. Chapter 1 presents standalone hybrid microgrids
and their main components. Chapter 2 discusses peak demand challenges and mitigation
strategies. Chapter 3 presents the proposed forecasting-based methodology, PV sizing strategy,

and simulation results.



Chapter 1

Standalone Hybrid Microgrids:

Architecture, Components, and Operation



1.1 Introduction

Reliable electricity is essential for modern life and development because it supports homes,
schools, hospitals, industries, transport, communication, and public services. Utility companies
must ensure that electricity demand is supplied continuously to keep the power system stable
and reliable. The balance between electricity generation and consumption is very important,
since any mismatch can affect system reliability [7] and create technical problems in the net-
work. An unstable electricity supply can disturb daily life, delay industrial production, increase
business losses, and affect essential services. Therefore, access to reliable electricity has a direct
impact on the social and economic progress of society. However, producing enough electricity
is not the only important objective. The method used to generate electricity must also be con-
sidered because it can influence environmental impacts, energy costs, and the long-term sus-

tainability of the power system.

An electric power system is a large technical network used to generate, transmit, distribute,
and deliver electrical energy to consumers. It is an essential infrastructure in modern society
because electricity is needed in homes, industries, hospitals, transportation, communication, ed-
ucation, and many daily activities. The main purpose of a power system is to supply electricity
in a safe, reliable, continuous, and economical way. A conventional power system is generally
divided into three main parts: generation, transmission, and distribution. The generation part
produces electricity from sources such as fossil fuels, hydropower, nuclear energy, solar energy,
and wind energy. After generation, the voltage is increased by step-up transformers to reduce
losses during long-distance transmission. The transmission network carries large amounts of
power through high-voltage lines to load centers. Near consumers, substations reduce the volt-
age using step-down transformers, and the distribution system delivers electricity at lower volt-

age levels to residential, commercial, and industrial users.
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Figure 1: The electrical power system

Table 1: The electrical power system major parts.

Part of the power

Main function

Main objective

consumers at medium and low
voltage levels.

system

Generation Produces electrical energy from | Convert different energy sources into electrical power
primary energy sources. and supply the required demand.

Transmission Transfers of electrical power over | Transport electricity efficiently from generation
long distances at high voltage. stations to main load centers while reducing losses.

Distribution Delivers electricity to final | Supply safe and reliable electricity to residential,

commercial, industrial, and public consumers.

The operation of an electric power system requires a continuous balance between electricity

generation and electricity demand. Since electrical energy is difficult to store in large quantities

without special storage systems, the generated power must follow the load demand at every

moment. Any imbalance can cause power interruptions and affect the continuity of electricity

supply. It also creates serious challenges for system operators, who must quickly restore balance

and protect the network. Frequent imbalance and peak-load operation can increase thermal and

mechanical stress on generators, accelerate equipment aging, and raise maintenance costs. This

can lead to higher technical and financial losses for electricity companies. Therefore, operators

must continuously monitor voltage, frequency, load variations, and equipment conditions to

maintain system stability and reliability. Today, power systems are becoming more complex

because of renewable energy sources, distributed generation, smart grids, and energy storage

systems.




1.2 Concept of Microgrids

A microgrid is a small-scale power system that includes local generation units, energy storage
systems, loads, and control devices within a defined electrical area. It can operate as one
controllable system with respect to the main utility grid [7], [8]. A microgrid can work in grid-
connected mode, where it exchanges power with the main grid, or in islanded mode, where it
supplies local loads independently. This concept was developed to improve the integration of
distributed energy resources into distribution networks. Instead of depending only on large
centralized power plants, microgrids use local sources such as PV panels, wind turbines, diesel
generators, gas turbines, fuel cells, and battery storage systems [9]. These sources are installed
near the consumers, which reduces the distance between generation and consumption. This local
structure can help reduce transmission losses and improve the efficiency of electricity supply.
Therefore, microgrids are considered an important solution for modern, flexible, and reliable

power systems.

Wind turbine
Solar PV /

MG TR P

control center

Loads

Battery ESS

Main Grid

Conventional DG :
Controllable Loads

Figure 2: The basic architecture of a microgrid and its interaction with distributed energy

resources and loads

Microgrids are especially useful in remote areas, isolated communities, campuses, hospitals,
military bases, industrial sites, and critical infrastructures. In these applications, the microgrid
can improve power reliability by continuing to supply electricity during disturbances or outages
in the main grid. When a fault or disturbance occurs in the upstream network, the microgrid can
disconnect from the main grid and continue operating in islanded mode if it has enough local

generation and storage capacity [8], [10].



Microgrids are useful in remote areas, isolated communities, campuses, hospitals, military
bases, industrial sites, and critical infrastructures because they can improve electricity reliability.
During faults or outages in the main grid, a microgrid can disconnect and continue supplying
local loads in islanded mode if enough local generation and storage are available [8], [10].
However, microgrid operation requires advanced control and energy management to coordinate
generation units, storage systems, and loads while keeping voltage and frequency within
acceptable limits. This task is more difficult in islanded mode because generation and demand
must be balanced locally. For this reason, different control methods are used, such as droop
control, hierarchical control, model predictive control, and multi-agent systems [11], [12].
Microgrids also help integrate renewable energy sources, but solar and wind power are
intermittent because they depend on weather conditions. Therefore, storage systems and
dispatchable generators are needed to reduce renewable variability and maintain power balance
[11], [13]. In general, microgrids support reliable, flexible, and intelligent power systems, but
they still face challenges related to protection, control complexity, storage sizing, economic

optimization, and stable operation.

Table 2: Main characteristics and advantages of microgrids

Characteristic

Description

Main advantage

Local generation

Electricity is produced close to the
consumers using distributed energy
resources such as PV, wind, gas turbines,

diesel generators, or fuel cells.

Reduces dependence on distant
centralized power plants and can reduce

network losses.

Clearly defined

electrical boundary

The microgrid operates within a specific
local electrical area, such as a campus,
village, hospital, industrial site, or isolated

community.

Makes the system easier to monitor,
control, and manage as one local energy

system.

Grid-connected

operation

The microgrid can operate while connected
to the main utility grid and exchange

power with it.

Allows energy import when local
generation is insufficient and energy

export when there is surplus generation.

Islanded operation

The microgrid can disconnect from the

main grid and operate independently.

Improves reliability and keeps important
loads supplied during grid outages or

disturbances.




Integration of

renewable energy

Renewable sources such as solar PV and
wind can be connected inside the

microgrid.

Reduces fuel consumption, emissions,

and operating costs.

Energy storage

Batteries or other storage systems can store

excess energy and release it when needed.

Helps smooth renewable energy

fluctuations and supports power balance.

Advanced control

system

A microgrid controller coordinates
generation, storage, loads, and grid

connection.

Maintains voltage, frequency, stability,

and optimal energy use.

Load management

Some loads can be controlled, shifted, or

prioritized according to system conditions.

Improves energy efficiency and protects

critical loads.

Improved reliability

and resilience

The microgrid can continue supplying
electricity during main-grid failures if

enough local resources are available.

Reduces the impact of power

interruptions on essential services.

Flexibility and
scalability

New distributed generators, storage

systems, or loads can be added

Allows gradual development according

to energy demand and budget.

progressively.

1.3 Types of Microgrids

Microgrids can be classified in different ways depending on their mode of operation,
electrical structure, energy sources, and application area, there is no single fixed classification
because microgrids can be designed for many purposes, such as rural electrification, renewable
energy integration, industrial power supply, military facilities, hospitals, campuses, and critical

infrastructure. The most common types of microgrids are presented below.

1.3.1 Grid-Connected Microgrids

A grid-connected microgrid operates while connected to the main utility grid through a point
of common coupling. In this mode, it can exchange electricity with the main grid according to
local generation and demand. When local generation is not enough, the microgrid imports elec-
tricity from the main grid. When local generation is higher than local demand, it can export the
excess power. This type of microgrid is commonly used in urban areas, campuses, commercial
buildings, and industrial sites. Its main advantage is that it can improve energy efficiency and

reduce electricity costs while still receiving support from the utility grid. However, it requires



advanced control systems to manage power exchange, voltage regulation, protection, and syn-
chronization [7]. Therefore, grid-connected microgrids are useful solutions for improving local

energy management and system flexibility.
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Figure 3 : grid-connected microgrid configuration

1.3.2 Standalone Microgrids

An islanded microgrid, also called a standalone microgrid, operates independently from the
main grid. This type is very important for remote areas, isolated communities, islands, desert
regions, mining sites, and military bases where access to the national grid is difficult or impos-
sible. In islanded operation, the microgrid must supply all local loads using its own generation
sources and energy storage systems. Therefore, the balance between generation and demand is
more critical. If the generated power is lower than the load demand, power interruptions may
occur. For this reason, standalone microgrids often use dispatchable generators, such as diesel

generators or gas turbines, together with renewable energy sources and batteries [8], [9].
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Figure 4 : showing an isolated microgrid supplying local loads without utility grid support

1.3.3 Hybrid Microgrids

Hybrid microgrids are microgrids that combine renewable energy sources with conventional
non-renewable energy sources in the same local power system. Renewable sources may include
photovoltaic panels, wind turbines, biomass units, or small hydropower systems, while non-
renewable sources usually include diesel generators, gas turbines, or microturbines. This com-
bination i1s commonly used to improve power supply reliability, especially in isolated or
standalone microgrids where connection to the main utility grid is weak, unavailable, or techni-

cally difficult [7], [11].
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Figure 5 : hybrid microgrid integrating renewable and conventional generation sources
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Table 3: a comparison table between grid-connected, standalone, and hybrid microgrids

below.

Grid-connected microgrid

Standalone microgrid

Hybrid microgrid

Main concept

Connected to the main utility

Operates independently from

Combines renewable and

grid. the main grid. non-renewable energy
sources.
Energy sources | Main grid, PV, wind, batteries, Local generators, PV, wind, PV/wind with diesel

local generators.

batteries.

generator, gas turbine, or

battery storage.

Main advantage

Can import or export power with

the grid.

Suitable for remote and

isolated areas.

Improves reliability and

reduces fuel consumption.

Main challenge

Requires grid synchronization

and protection control.

Must balance generation and

load locally.

Requires good energy
management between

different sources.

Typical use

Campuses, hospitals, industries,

smart buildings.

Villages, islands, desert

areas, remote sites.

Isolated microgrids, oil and
gas sites, farms, industrial

areas.

1.4 Main Components of a Microgrid

A microgrid is composed of several elements that work together to generate, control, store,

and deliver electrical energy to local loads. The main components usually include distributed
energy resources, energy storage systems, power electronic converters, protection devices,
control systems, and electrical loads. In renewable-based microgrids, energy sources such as
solar photovoltaic systems, wind turbines, biomass units, and small hydropower plants can be
used to reduce fuel consumption and improve energy sustainability. However, because many
renewable sources are variable, they are often combined with energy storage systems or backup

generators to maintain power reliability [8], [11].
1.4.1 Renewable Energy Sources

Renewable energy sources are energy resources that are naturally replenished and can be
used to generate electricity with lower environmental impact compared with fossil-fuel-based

generation. In microgrids, renewable energy sources are important because they can reduce fuel

10



dependence, decrease greenhouse gas emissions, and improve local energy autonomy. The most
common renewable energy technologies used in microgrids are solar photovoltaic systems, wind

energy systems, biomass energy systems, and small hydropower systems.

Solar Photovoltaic Systems

Solar photovoltaic (PV) systems convert sunlight directly into electrical energy using pho-
tovoltaic cells. When solar radiation reaches the PV modules, the semiconductor material
produces direct-current (DC) electricity. This DC power can be used directly in DC mi-
crogrids or converted into alternating-current (AC) electricity using an inverter for AC loads
and grid connection. In microgrids, PV systems are widely used because they are modular,
easy to install, and suitable for distributed generation. A typical PV generation system in-
cludes PV modules, a DC combiner box, a maximum power point tracking (MPPT) control-
ler, an inverter, protection devices, and sometimes a battery energy storage system. The bat-
tery is useful when PV generation is higher than load demand or when solar radiation is not
available. However, PV systems are intermittent because their output depends on solar irra-

diance, temperature, shading, and weather conditions.

Main Components of a Photovoltaic Generation System

| Optional Storage E q
E (@
' ]
AC Loads /
Microgrid Bus
s
P
Utility Grid
Solar Irradi Connection
o ar(gr::‘)lance Photovoltaic Array DC Combiner Box MPPT Charge Battery Energy Inverter Step-Up Transformer
y (Solar Panels) Controller Storage System (DC/AC)  or AC Distribution Pane
~ (g
ELE
1 Other AC Loads
! (Industrial, Commercial)
L IH J
DC POWER E AC POWER
(Direct Current) ’ (Alternating Current)
—— DC Power Flow = AC Power Flow oy | Optional Component

Note: The battery energy storage system is optional and may be omitted in grid-tied systems without storage.

Figure 6 : the main components of a photovoltaic generation system
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Table 4: Summarizing the advantages and limitations of PV systems.

Advantages Limitations

Use solar energy, which is clean, Power production depends on solar irradiance and
renewable, and widely available. weather conditions.

Produce electricity without direct Manufacturing, transportation, and end-of-life recycling

greenhouse gas emissions during operation. | still have environmental impacts.

Modular and easy to install in small or Require suitable space and proper orientation to achieve
large-scale systems. good performance.

Have low operating and maintenance Dust, shading, and high temperature can reduce
requirements compared with conventional efficiency.

generators.

Suitable for distributed generation and can Intermittent output may require batteries or backup
reduce dependence on fossil fuels. sources to maintain reliability.

Can reduce long-term electricity costs after | Initial investment cost can still be high, especially when
installation. batteries are included.

1.4.2 Conventional Distributed Generation Units

Conventional distributed generation units are controllable power sources installed close to
the load in microgrids. They are mainly used to improve reliability, support renewable energy
sources, supply peak demand, and provide backup power during grid disturbances or renewable
energy shortages. Unlike solar PV and wind systems, these units can usually be controlled
according to load demand [3], [14], which makes them important for standalone and hybrid
microgrids that require continuous electricity supply. The main technologies include diesel
generators, gas turbines, microturbines, and fuel cells. Each technology has different
characteristics related to efficiency, emissions, fuel needs, operating cost, response time, and
reliability [15]. Therefore, selecting the suitable generation unit depends on the microgrid size,

load profile, fuel availability, environmental limits, and economic conditions.
1.4.3 Diesel Generators

Diesel generators are among the most common conventional generation units used in
standalone and remote microgrids. A diesel generator consists of a diesel internal combustion
engine coupled to an electrical generator. The diesel engine converts the chemical energy of fuel
into mechanical energy, while the generator converts this mechanical energy into electrical
energy. Diesel generators are widely used because they are commercially available, reliable,
relatively easy to install, and able to start quickly. They are often used as backup sources,

emergency power supplies, or main generation units in isolated areas where the utility grid is
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not available. In hybrid microgrids, diesel generators are commonly combined with renewable
energy sources and battery storage to reduce fuel consumption and improve supply reliability
[16]. However, diesel generators have important limitations. They consume fossil fuel and
produce carbon dioxide, nitrogen oxides, and particulate emissions. Their operating cost can
also be high because of fuel prices, fuel transportation, and maintenance requirements. In
addition, poor maintenance can reduce their reliability during long power outages. For this
reason, diesel generators should be properly sized and operated with an energy management

strategy to avoid unnecessary fuel consumption and equipment stress [16], [17].
1.4.4 Gas Turbines

Gas turbines are conventional generation units that produce electricity by burning fuel in a
combustion chamber and using the resulting hot gases to rotate a turbine connected to a
generator. They are commonly used in applications where medium or high power capacity is
required. In distributed generation and microgrid applications, gas turbines can provide
dispatchable power during high-demand periods or when renewable energy generation is not
sufficient. Gas turbines can operate using natural gas or other suitable fuels. When natural gas
is available, they generally produce lower particulate emissions than diesel generators. They can
also be used in combined heat and power systems, where exhaust heat is recovered for heating,
cooling, or industrial processes. This can increase the overall efficiency of the energy system.
However, the main disadvantages of gas turbines are their dependence on fuel, carbon dioxide
emissions, and sensitivity to operating conditions. Their efficiency can decrease at partial load
and under high ambient temperatures. Therefore, gas turbines require careful sizing and proper

dispatch control when they are used in microgrids [18].
1.4.5 Microturbines

Microturbines are small gas turbine systems used for distributed generation. They are
generally smaller than conventional gas turbines and are suitable for small commercial,
industrial, and remote applications. A typical microturbine includes a compressor, combustor,
turbine, generator, recuperator, and power electronic interface. Microturbines are attractive for
microgrids because they are compact, have relatively low vibration, and can operate with
different fuels such as natural gas, biogas, or other gaseous fuels. They can also be used in
combined heat and power applications, where both electricity and useful heat are produced. This
makes them suitable for buildings, hospitals, small industries, and hybrid microgrids that require

both electrical and thermal energy [18], [19]. However, microturbines usually have lower

13



electrical efficiency than large gas turbines and some reciprocating engines. Their economic
performance depends strongly on fuel price, thermal energy use, operating hours, and
maintenance requirements. Therefore, microturbines are more attractive when the recovered

heat can be used effectively [17].
1.4.6 Fuel Cells

Fuel cells are electrochemical generation units that convert the chemical energy of a fuel
directly into electrical energy. Unlike diesel generators, gas turbines, and microturbines, fuel
cells do not depend on a conventional combustion process to produce electricity. A fuel cell
system usually includes a fuel cell stack, fuel processor, power conditioning unit, and auxiliary
systems. Fuel cells are attractive for microgrid applications because they can provide high
electrical efficiency, low noise, low vibration, and low local emissions. They can also provide
high-quality power, which makes them suitable for critical loads such as hospitals, data centers,
telecommunication systems, and sensitive industrial facilities [20]. However, the main
limitations of fuel cells are their high initial cost, fuel supply requirements, and sensitivity to
fuel quality. Some fuel cell technologies require hydrogen, while others can operate using
natural gas or biogas after fuel reforming. Fuel cell stack lifetime and replacement cost are also
important economic factors. Therefore, fuel cells are generally more suitable for applications
where low emissions, high efficiency, and power quality are more important than low initial

investment [20].

Table 5 : a comparison table of conventional distributed generation technologies based on effi-

ciency, emissions, operating cost, and reliability

Technology Efficiency Emissions Operating cost Reliability and

role in microgrids

Diesel Medium to high, | High CO., NOx, Medium to high Reliable if well
generator depending on and particulate because of fuel maintained; suitable for
size and loading | emissions compared | consumption, fuel backup power, black
condition. with cleaner transport, and start, and remote
technologies. maintenance. microgrids.

Gas turbine | Medium to high, | Lower particulate Medium, depends Suitable for
especially at emissions than strongly on fuel dispatchable power,

larger sizes or diesel when using
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with heat

natural gas, but still

price and operating

peak-load support, and

recovery. produces CO: and conditions. CHP applications.
NOx.

Microturbine Medium, Relatively low Medium to high per | Suitable for small-scale
generally lower | emissions when kWh if heat CHP, commercial sites,
than large gas using natural gas or | recovery is not used. | and hybrid microgrids.
turbines and clean gaseous fuels.
some
reciprocating
engines.

Fuel cell High compared | Very low local High initial cost; Suitable for critical
with many emissions,emissions | operating cost loads, low-noise
combustion- depend on the fuel | depends on fuel, operation, and low-
based source. stack lifetime, and emission microgrids.
technologies. maintenance.

Role of Conventional Generation Units within a Microgrid
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1.5 Gas Turbine Technology

Gas turbines are important conventional generation units in power systems and microgrids
because they provide dispatchable power, fast start-up, high power density, and reliable opera-
tion. In standalone and hybrid microgrids, they often work as the main controllable source used
to balance generation and demand. However, during peak-load periods, gas turbines may oper-
ate under high stress, which can increase fuel consumption and maintenance needs. To reduce
this stress, renewable energy sources such as solar PV and wind systems can be integrated into
the microgrid. These sources can supply part of the required power during high-demand periods,
helping to reduce the load on the gas turbine. This contribution supports peak shaving, lowers
fuel consumption, and improves the overall efficiency of microgrid operation. A gas turbine
converts fuel energy into mechanical energy and then into electrical energy using a generator.
Its main components are the compressor, combustion chamber, turbine, and generator, and its

operation is generally based on the Brayton cycle.

1.5.1 Working Principle of Gas Turbines

The working principle of a gas turbine is based on a continuous thermodynamic process that
includes air compression, fuel combustion, gas expansion, and electrical power generation. First,
ambient air is drawn into the compressor, where both its pressure and temperature are increased.
The compressed air is then directed to the combustion chamber, where fuel is injected and
burned at approximately constant pressure. This combustion process produces hot, high-
pressure gases that expand through the turbine blades. During this expansion, the turbine
converts the thermal energy of the gases into mechanical energy. Part of the mechanical power
produced by the turbine is used to drive the compressor, while the remaining useful power is
transmitted to the electrical generator to produce electricity. In a simple open-cycle gas turbine,
the exhaust gases are released directly into the atmosphere after leaving the turbine. However,
in a combined-cycle configuration, these hot exhaust gases are recovered using a heat recovery
steam generator to produce steam, which drives a steam turbine and increases the total efficiency
of the power plant [20]. From a thermodynamic point of view, the ideal gas turbine operates
according to the Brayton cycle, which consists of four main processes: isentropic compression,
constant-pressure heat addition, isentropic expansion, and constant-pressure heat rejection. In
real gas turbines, these processes are not perfectly ideal because of energy losses in the

compressor, combustion chamber, turbine, and exhaust system.
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1.5.2 Types of Gas Turbines

Gas turbines can be classified according to their cycle configuration, size, and application. The
most common types used in power generation and microgrid applications are open-cycle gas

turbines, combined-cycle gas turbines, and micro gas turbines.

1.5.2.1.1 Open-cycle gas turbines

Open-cycle gas turbines, also called simple-cycle gas turbines, use only the gas turbine cycle.
They are relatively simple, fast to start, and suitable for peak-load support. However, they

have lower efficiency because the exhaust heat is not recovered.

1.5.2.1.2 Combined-cycle gas turbines

Combined-cycle gas turbines use both a gas turbine cycle and a steam turbine cycle. The ex-
haust heat from the gas turbine is recovered to produce steam in a heat recovery steam genera-
tor. This steam drives a steam turbine and produces additional electricity. For this reason,
combined-cycle gas turbines are more efficient than open-cycle units, but they are more com-

plex and more expensive.
1.5.2.1.3 Micro gas turbines

Micro gas turbines are small gas turbine units designed for distributed generation and small-
scale combined heat and power applications. They are compact, have low vibration, and can
operate with different fuels such as natural gas or biogas. However, their electrical efficiency

is usually lower than that of larger gas turbines unless heat recovery is used.
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Table 6 : a table comparing open-cycle gas turbines, combined-cycle gas turbines, and micro

gas turbines

Type Configuration | Efficiency Advantages Limitations Applications
Open- Compressor, Medium; Fast start-up, Lower Peak-load plants,
cycle gas combustor, turbine, commonly about | simple structure, | efficiency, high emergency
turbine and generator. 33-43% at suitable for peak | fuel consumption | support, grid
Exhaust gases are maximum load. load and backup | at part load, balancing,
discharged directly. operation. exhaust heat is standalone
not recovered. microgrids.
Combin | Gas turbine plus heat | High, around High, better fuel | More complex, Utility power

ed-cycle gas

recovery steam

60% in modern

utilization, lower

higher capital

plants, industrial

turbine generator and steam systems. CO: per kWh cost, slower power supply,

turbine. than simple- start-up than large microgrids,
cycle operation. simple-cycle CHP systems.
units.
Micro Small gas turbine Medium, Compact, low Higher cost per Buildings,

gas turbine | With compressor, commonly lower | vibration, kW, lower hospitals, remote
combustor, turbine, than large gas suitable for electrical sites, small
recuperator, turbines in distributed efficiency, industrial
generator, and power | electrical-only generation and performance microgrids.

electronics.

mode.

CHP.

depends on heat

recovery use.

1.5.3 Performance Characteristics of Gas Turbines

The performance of a gas turbine depends on several operating and design parameters,

including pressure ratio, turbine inlet temperature, compressor efficiency, turbine efficiency,

fuel type, ambient temperature, part-load operation, and maintenance condition. In general, a

higher pressure ratio and a higher turbine inlet temperature can improve gas turbine efficiency

and specific power output, but they also increase material strength requirements and cooling

needs. Gas turbine output is also strongly affected by ambient temperature. When the ambient

temperature increases, air density decreases, which reduces the mass flow rate entering the

compressor. As a result, turbine power output and efficiency may decrease. This issue is
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particularly important in hot climates and desert regions, where gas turbines often operate under
high-temperature conditions. In microgrid applications, gas turbines are important because they
can provide dispatchable and controllable power. However, frequent start-stop operation,
partial-load operation, and peak-load operation can increase thermal and mechanical stress on
the machine. Therefore, gas turbines must be properly sized and controlled to reduce fuel

consumption, emissions, equipment stress, and maintenance costs.

1.6 Energy Storage Technologies

Energy storage technologies are important elements in modern microgrids because they help
balance the difference between electricity generation and load demand. In microgrids that
include renewable energy sources, such as photovoltaic and wind systems, energy storage is
especially important because renewable generation is intermittent and depends on weather
conditions. Storage systems can absorb excess energy when generation is higher than demand
and release stored energy when generation is lower than demand. In this way, energy storage
systems improve microgrid reliability, power quality, operational flexibility, and stability. They
can also support several important functions, including peak shaving, frequency regulation,
voltage control, backup power supply, and the integration of renewable energy sources.
Different storage technologies are available for microgrid applications, and each technology has
specific characteristics related to energy density, power density, response time, lifetime,
efficiency, and cost [21]. The most common energy storage technologies used or studied in
microgrids include battery energy storage systems, flywheel energy storage systems,

supercapacitors, and hydrogen energy storage systems.
1.6.1 Battery Energy Storage Systems

Battery energy storage systems store electrical energy in chemical form and convert it back
into electrical energy when needed. A typical battery system includes battery cells or modules,
a battery management system, power converters, protection devices, thermal management
equipment, and control units. In microgrids, batteries are widely used because they provide fast
response, good efficiency, and flexible operation. They can be charged when renewable
generation is high and discharged when load demand increases or when renewable generation
decreases. Batteries are also useful for peak shaving, load shifting, backup power supply, and
smoothing photovoltaic or wind power fluctuations. Different battery technologies can be used
in microgrid applications, including lithium-ion, lead-acid, sodium-sulfur, nickel-based, and

flow batteries. Among these technologies, lithium-ion batteries are widely adopted because of
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their relatively high energy density, high efficiency, and decreasing cost. However, battery
systems also have some limitations, such as aging, limited cycle life, thermal management

requirements, safety concerns, and replacement cost [22].
1.6.2 Flywheel Energy Storage Systems

Flywheel energy storage systems store energy in the form of rotational kinetic energy. During
charging, an electric motor accelerates a rotating mass, while during discharging, the rotating
mass drives a generator to produce electrical energy. Modern flywheel systems often use
magnetic bearings, vacuum enclosures, and power electronic converters to reduce losses and
improve overall performance. Flywheels are suitable for applications that require high power,
very fast response, and frequent charge-discharge cycles. They are commonly used for power
quality improvement, frequency regulation, voltage support, and short-duration backup power.
One of their main advantages is their long cycle life, since they do not depend on electrochemical
reactions like batteries [23]. However, flywheels generally have lower energy density than
batteries and are therefore more suitable for short-duration energy storage. Their cost can also
be high, especially for advanced high-speed systems equipped with magnetic bearings and
vacuum containment. For this reason, flywheel energy storage systems are mainly used when

fast response and high power capability are more important than long energy duration [21], [23].
1.6.3 Supercapacitors

Supercapacitors, also called ultracapacitors, store energy through electrostatic charge
separation at the electrode—electrolyte interface. They differ from batteries because they store
energy physically rather than through chemical reactions, which gives them very fast charge and
discharge capability. Supercapacitors have very high power density, very fast response time,
and very long cycle life. They are suitable for short-duration applications such as power
smoothing, transient support, voltage stabilization, regenerative braking, and high-power pulses.
In microgrids, they can be combined with batteries to form a hybrid energy storage system. In
this configuration, the supercapacitor supplies fast power variations, while the battery supplies
longer-duration energy [24]. However, the main limitation of supercapacitors is their low energy
density compared with batteries. This means that they can deliver high power for a short time,
but they cannot store large amounts of energy for long periods. Their cost per unit of stored
energy is also relatively high. Therefore, supercapacitors are mainly used for short-term power

support rather than long-duration energy supply [24].
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1.6.4 Hydrogen Energy Storage

Hydrogen energy storage is a chemical storage technology that stores energy in the form of
hydrogen. In a renewable-based microgrid, excess electricity can be used by an electrolyzer to
split water into hydrogen and oxygen. The produced hydrogen is then stored in tanks or other
suitable storage systems. When electricity is needed, the stored hydrogen can be converted back
into electrical energy using a fuel cell or a hydrogen-fueled generator. Hydrogen storage is
useful for long-duration and seasonal energy storage because hydrogen can store large amounts
of energy for extended periods. It can help microgrids with high renewable energy penetration
by storing surplus solar or wind energy and using it later during periods of low renewable
generation [24], [25]. However, hydrogen energy storage also has several challenges. It requires
an electrolyzer, hydrogen storage system, fuel cell or generator, compression or another storage
technology, and appropriate safety systems. Its round-trip efficiency is generally lower than that
of battery storage because energy is lost during electrolysis, compression, storage, and
conversion back into electricity. Hydrogen systems also have high initial costs and require strict
safety measures because hydrogen is highly flammable. Therefore, hydrogen storage is more
suitable for long-duration applications where batteries may become too expensive or technically

limited.
1.7 Energy Management Systems in Microgrids

An Energy Management System (EMS) is a key part of a modern microgrid because it mon-
itors, controls, and optimizes distributed energy resources, storage systems, conventional gen-
erators, and electrical loads. Its main objective is to ensure reliable, economical, and efficient
microgrid operation under different conditions [26], [27]. The EMS must continuously balance
power generation and load demand, especially when solar PV and wind energy are used. This
task becomes more complex because renewable energy output changes with weather conditions.
Therefore, the EMS uses real-time measurements, forecasts, control actions, and optimization
methods to coordinate the available resources [28], [29]. It can operate in both grid-connected
and islanded modes. In grid-connected mode, it manages electricity import and export with the
main grid. In islanded mode, it must maintain the local power balance by coordinating renewable

sources, batteries, conventional generators, and controllable loads[26], [29].
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1.7.1 Functions of Energy Management Systems

The functions of an energy management system (EMS) depend on the size, type, and
complexity of the microgrid. However, its main functions generally include data acquisition,
generation scheduling, storage management, load management, economic dispatch, renewable
energy forecasting, and protection coordination. First, the EMS collects data from different parts
of the microgrid, such as voltage, current, frequency, active power, reactive power, battery state
of charge, renewable generation, fuel consumption, and load demand. These data are used to
evaluate the real-time operating condition of the microgrid. Second, the EMS controls the
operation of generation units by deciding how much power should be produced by each source
according to load demand, fuel cost, renewable generation, and technical constraints. For
example, when photovoltaic production is high, the EMS can reduce the output of conventional
generators or charge the battery. When renewable production is low, it can start dispatchable
generators or discharge the storage system. Third, the EMS manages energy storage systems by
determining when batteries should be charged or discharged according to the power balance,
electricity price, peak demand, and battery operating limits. Proper battery management is
important because excessive cycling or deep discharge can accelerate battery degradation.
Fourth, the EMS can perform load management by shifting, reducing, or disconnecting some
loads during critical periods. This function is especially important in islanded microgrids, where
the available generation may not always be sufficient to supply all loads. In such cases, critical
loads are usually given priority over non-critical loads. Finally, the EMS supports the economic
and reliable operation of the microgrid by minimizing fuel consumption, reducing operating
cost, improving renewable energy utilization, reducing emissions, and maintaining voltage and

frequency within acceptable limits [27], [30].
1.7.2 Supervisory Control and Data Acquisition (SCADA)

Supervisory Control and Data Acquisition, commonly known as SCADA, is a system used
for monitoring and controlling industrial and electrical systems. In a microgrid, SCADA
provides the communication and supervision layer between field devices and the control center.
It collects real-time data from sensors, meters, relays, inverters, generators, circuit breakers, and
energy storage systems, and displays these data to the operator through a human-machine
interface. A typical SCADA system includes remote terminal units, programmable logic
controllers, communication networks, servers, databases, and operator interfaces. Remote
devices collect measurements from the field, while the central system processes the data and

allows the operator or the energy management system to send control commands. In microgrid
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applications, SCADA is important because it gives operators a clear view of the system status.
It can display voltage, frequency, power flow, generator status, breaker position, battery state of
charge, alarms, and historical trends. It can also support fault detection, event recording, remote
control, and maintenance planning. However, SCADA does not replace the energy management
system. SCADA mainly collects and displays data and sends control commands, while the EMS
uses these data to make operational and optimization decisions. Therefore, SCADA and EMS

are complementary systems in modern microgrids [31].

1.7.3 Optimization and Scheduling Functions

Optimization and scheduling are essential functions of the EMS because they define the
best operating plan for the microgrid over short-term or day-ahead periods. They decide when
generators should operate, how much power they should produce, when batteries should
charge or discharge, and how power should be exchanged with the main grid. The main objec-
tives are to reduce fuel cost, limit emissions, increase renewable energy use, reduce peak de-
mand, and maintain system reliability. In hybrid microgrids, this task is important because re-
newable sources are clean but variable, conventional generators are controllable but consume
fuel, and batteries have capacity and lifetime limits. For this reason, the EMS must coordinate
all resources carefully to balance generation and demand. Different optimization methods can
be used, including linear programming, mixed-integer linear programming, model predictive
control, stochastic optimization, heuristic algorithms, and artificial intelligence methods [30].
Forecasting also plays an important role because predictions of load demand, solar irradiance,
wind speed, renewable generation, and electricity price help the EMS prepare better decisions.
Poor forecasting can cause fuel waste, battery overuse, renewable energy curtailment, or
power imbalance. In practice, SCADA provides real-time monitoring and data acquisition,
while the EMS uses these data with forecasting, optimization, and scheduling to improve relia-

bility, reduce costs, support peak shaving, and maintain voltage and frequency stability [28].

1.8 Challenges of Standalone Hybrid Microgrids

Standalone hybrid microgrids supply local loads without relying on the main utility grid.
They usually combine renewable sources, such as PV and wind systems, with conventional
generators, such as diesel generators or gas turbines, and energy storage systems [32], [33]. This
combination can improve electricity reliability and reduce fuel consumption, especially in
remote and isolated areas. However, their operation is more difficult because generation and
demand must be balanced locally at every moment. Unlike grid-connected microgrids,
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standalone systems cannot import power from the main grid when local generation is not
enough. Therefore, any mismatch between generation and load demand can directly affect
voltage, frequency, power quality, and supply continuity. The main challenges include
renewable energy intermittency, load variability, voltage and frequency stability, and peak
demand management. For this reason, standalone hybrid microgrids require careful design,

reliable control, and effective energy management.

1.8.1 Renewable Energy Intermittency

Renewable energy intermittency is a major challenge in standalone hybrid microgrids be-
cause solar and wind generation depend on changing weather conditions. Solar PV output is
affected by solar irradiance, temperature, cloud cover, and day-night cycles, while wind power
depends mainly on wind speed [32]. As a result, renewable generation is not constant and may
not always match the load demand. When renewable production is higher than demand, the
excess energy must be stored in batteries or curtailed. When renewable production is lower than
demand, storage systems or conventional generators must supply the missing power. If these
backup resources are not sufficient, load shedding or power interruptions may occur. Therefore,
standalone microgrids require accurate forecasting, proper storage sizing, and efficient energy
management [32], [33]. These strategies help balance generation and demand, reduce renewable

energy curtailment, and improve the reliability of microgrid operation.

1.8.2 Load Variability

Load variability refers to the continuous change in electricity demand over time. In
standalone microgrids, the load can vary according to the time of day, season, weather
conditions, user behavior, industrial activity, agricultural operations, or the operation of specific
equipment such as pumps, motors, cooling systems, and compressors. Load variability is more
critical in standalone microgrids because these systems have limited generation capacity and
cannot depend on the main grid for support. Sudden load increases may cause a power deficit,
voltage drop, or frequency deviation, while sudden load decreases may create excess power,
which can overcharge storage systems or force generators to operate under inefficient low-load
conditions. In hybrid microgrids, load forecasting is very important because it helps the energy
management system plan the operation of generators, renewable sources, and batteries. If the
predicted load is lower than the actual demand, the microgrid may not prepare enough

generation capacity, which can affect supply reliability. Conversely, if the predicted load is
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higher than the actual demand, the system may operate generators unnecessarily, increasing fuel

consumption, emissions, and operating cost [32], [33].
1.8.3 Frequency and Voltage Stability

Frequency and voltage stability are essential requirements for the safe and reliable operation
of standalone hybrid microgrids. Frequency is mainly affected by the balance between active
power generation and active power demand. If the load becomes higher than the available
generation, the frequency tends to decrease; conversely, if generation becomes higher than the
load, the frequency tends to increase. In both cases, excessive frequency deviation can damage
electrical equipment or activate protection systems. Voltage stability is strongly related to
reactive power balance, load variations, line impedance, converter control, and the operation of
distributed generators. In standalone microgrids, voltage control is more difficult because the
system is smaller and weaker than the main utility grid. In addition, many renewable energy
sources are connected through power electronic converters, which reduces the natural inertia of
the system compared with conventional synchronous generators [34], [35]. Low inertia makes
standalone microgrids more sensitive to sudden disturbances, such as a rapid decrease in
photovoltaic generation or a sudden increase in load demand, which can cause fast frequency
and voltage deviations. To address this problem, microgrids use control strategies such as droop
control, virtual inertia control, battery energy storage support, reactive power compensation, and
load shedding. These methods help maintain voltage and frequency within acceptable limits

during both normal and disturbed operating conditions [34], [35].
1.8.4 Peak Demand Management

Peak demand occurs when the electrical load reaches its highest value during a specific
period. In standalone hybrid microgrids, peak demand is a major challenge because the system
must have enough local generation and storage capacity to supply the maximum load without
support from the main grid. If the microgrid is not properly sized, peak demand can overload
generators, deeply discharge batteries, increase fuel consumption, and reduce system reliability.
Peak demand also increases the stress on conventional generation units such as diesel generators
and gas turbines. Frequent operation near maximum capacity can increase thermal and
mechanical stress, accelerate equipment aging, and raise maintenance costs. In remote
microgrids, this problem becomes more critical because maintenance services and fuel
transportation are often expensive and difficult. Peak demand management aims to reduce or

shift the highest load periods using methods such as battery energy storage, demand response,
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load shifting, load prioritization, renewable generation scheduling, and predictive control. For
example, batteries can discharge during peak periods, while non-critical loads can be shifted to
periods of lower demand. In this way, peak demand management can reduce generator stress,
improve fuel economy, and increase microgrid reliability [36], [37]. In summary, standalone
hybrid microgrids are promising solutions for reliable and sustainable power supply in isolated
areas. However, their successful operation depends on the ability to manage renewable
intermittency, load variability, voltage and frequency stability, and peak demand. These
challenges require accurate forecasting, efficient energy management, proper sizing of

generation and storage systems, and advanced control strategies.

1.9 Conclusion

This chapter presented the fundamental concepts related to standalone hybrid microgrids and
their role in modern power systems. It began with an overview of electrical power systems and
the importance of maintaining a continuous balance between electricity generation and load de-
mand. The concept of microgrids was then introduced as an effective solution for improving
energy reliability, flexibility, and the integration of distributed energy resources. Different mi-
crogrid configurations, including grid-connected, standalone, and hybrid microgrids, were dis-

cussed, highlighting their characteristics, advantages, and typical applications.

The chapter also examined the main components of a microgrid, including renewable energy
sources, conventional distributed generation units, energy storage technologies, and energy
management systems. Particular attention was given to gas turbines, which play a critical role
in standalone hybrid microgrids due to their ability to provide dispatchable and reliable power.
The operating principles, classifications, and performance characteristics of gas turbines were
presented, together with the challenges associated with their operation under varying load con-
ditions. In addition, the importance of energy storage systems and advanced energy management
strategies was emphasized, as these technologies contribute to improving system stability, reli-

ability, and operational efficiency.

Overall, the chapter demonstrated that standalone hybrid microgrids represent a promising
solution for supplying electricity in isolated and remote areas. However, their successful opera-
tion depends on the effective coordination of generation sources, storage systems, and control

strategies. Among the most important operational challenges is the management of high-demand
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periods, during which conventional generation units may experience increased stress, reduced

efficiency, and higher operating costs.
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2.1 Introduction

Peak demand is a major challenge in power-system operation and planning because
electricity demand changes during the day, across days, and between seasons. Since electricity
generation must generally match consumption in real time, system operators must continuously
adjust generation according to load demand. This task becomes more difficult during peak
periods, when demand reaches its highest level and additional generation capacity is required.
Peak demand can increase operating costs because expensive or less efficient units may be used
for short high-demand periods. It can also create technical stress on generators, transformers,
cables, and protection equipment. In standalone and hybrid microgrids, this problem is more
critical because the system may not have support from the main grid during high-demand
periods. Therefore, understanding load profiles and peak-demand behavior is necessary before
applying solutions such as demand response, energy storage, renewable support, and
forecasting-based energy management [38], [39]. This chapter explains load variations, peak-

demand causes, and their impacts on standalone microgrids.

2.2 Load Characteristics and Demand Profiles

Electric load represents the electrical power consumed by users at a specific time. It changes
continuously because of human activity, weather conditions, work schedules, industrial
processes, and the use of electrical equipment. For this reason, electricity demand usually
follows repeated patterns over different time scales. Studying load profiles is important because
it helps operators and planners identify periods of low, normal, and high consumption. This
information is useful for scheduling generation units, sizing energy storage systems, planning
maintenance activities, and reducing fuel consumption. Load-profile analysis also helps detect
peak periods and prepare suitable energy management strategies. The most common types of

load profiles are daily, weekly, and seasonal profiles.
2.2.1 Daily Load Profiles

A daily load profile shows how electricity demand changes during a 24-hour period. In
general, electricity consumption is low at night because most residential, commercial, and
industrial activities are reduced. Demand starts to increase in the morning when people wake
up, use lighting and appliances, and when business and industrial activities begin. During the
day, the load usually remains moderate or high because of industrial operation, commercial

activity, cooling systems, lighting, and other electrical equipment. In many power systems, the
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highest demand occurs in the late afternoon or early evening [38], when people return home and
domestic electricity use increases. The shape of the daily load profile depends on the type of
consumers connected to the system. Residential areas often have clear morning and evening
peaks, while industrial areas may show a more stable demand during working hours. Weather
also strongly affects daily demand, especially through air-conditioning in summer and electric

heating in winter.
2.2.2 Weekly Load Profiles

A weekly load profile shows how electricity demand changes from one day to another during
the week. In many power systems, demand is higher from Monday to Friday because
commercial, educational, administrative, and industrial activities are more active . During these
working days, many electrical loads operate during regular hours, which increases total
consumption. On weekends, electricity demand is usually lower because many offices, schools,
and industrial facilities reduce or stop their activities. However, this pattern can change in areas
dominated by residential loads, tourism, hospitals, or continuous industrial processes. In these
cases, weekend demand may remain high or close to weekday demand. Weekly load profiles
are useful for planning generator operation, scheduling maintenance, and preparing for expected
demand changes [3], [39]. In microgrids, this information helps manage generation and storage

capacity according to the expected weekly demand pattern.
2.2.3 Seasonal Load Profiles

A seasonal load profile shows how electricity demand changes during the year. This variation
1s mainly caused by weather and temperature changes. In hot regions, demand often increases
in summer because of air-conditioning and cooling systems, while in cold regions it may
increase in winter when electric heating is used. Spring and autumn usually have lower demand
because heating and cooling needs are reduced, and these periods are often called shoulder
seasons. During these seasons, the load is more moderate and the stress on generation and
distribution equipment is lower. Seasonal load profiles are important for long-term planning
because they help estimate annual peak demand, prepare fuel resources, schedule maintenance,
and decide if more generation or storage capacity is needed. In standalone microgrids, seasonal
variation is especially important because demand and renewable generation can change at the
same time. For example, solar production and cooling demand may both increase in summer,

while winter conditions may reduce solar output and increase some loads.
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Figure 9 : typical daily, weekly, and seasonal electricity demand profiles

Table 7 : The main characteristics of each load profile type

Load profile type | Time scale | Characteristics Influencing factors | Main use in power
system studies

Daily 24 hours Shows low demand Human activity, Short-term operation, peak
during night, increasing | working hours, detection, generator
demand in the morning, | lighting, heating, scheduling, and battery
high demand during cooling, industrial control.
working hours, and peak | operation.
demand in the evening
or afternoon.

Weekly 7 days Shows higher demand Work schedules, Weekly generation

during weekdays and
lower demand during
weekends in many

systems.

school activity,
commercial operation,
industrial production,

weekend behavior.

planning, maintenance
scheduling, and load

management.
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Seasonal Months Shows demand variation | Temperature, Long-term planning,
or seasons across the year, often humidity, air capacity sizing, fuel
higher in summer or conditioning, heating, | planning, and seasonal peak
winter and lower in tourism, agricultural estimation.
spring and autumn. activity.

2.3 Peak Demand Phenomenon

Peak demand is the highest electrical load reached by a power system during a specific
period, such as a day, week, month, season, or year. It is an important indicator because it defines
the maximum capacity that the system must be able to supply. Peak demand usually occurs only
during short periods when many users consume electricity at the same time. Even if these
periods last only a few hours, they strongly affect the design and operation of the power system.
Power plants, transformers, cables, and protection devices must be sized to support these
maximum load values. Peak demand also increases operating costs because expensive or less
efficient generators may be needed during high-demand periods. In isolated systems, it can
increase fuel consumption and accelerate equipment aging [39]. Therefore, reducing peak
demand is an important strategy to improve the technical and economic performance of power

systems and microgrids.
2.3.1 Definition of Peak Demand

Peak demand is the highest level of electrical power demand recorded during a specific time
interval. It represents the maximum load that the power system must be able to supply. For
example, a daily peak is the highest load reached during one day, while an annual peak is the
highest load reached during one year. Peak demand is usually measured in kilowatts, megawatts,
or gigawatts, depending on the size of the system. In small microgrids, it is often expressed in
kilowatts, while in large power systems it is expressed in megawatts or gigawatts. From an
operational point of view, peak demand is important because it determines the required
generation capacity and reserve margin. If enough power is not available during peak periods,
problems such as voltage drops, frequency deviations, load shedding, or power interruptions
may occur. Therefore, accurate peak-demand prediction is necessary to support reliable power-

system operation.
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2.3.2 Causes of Peak Demand

Peak demand is mainly caused by the simultaneous use of many electrical loads. In residential
areas, it can occur when people return home and use lighting, cooking appliances, air
conditioning, heating, and other domestic equipment at the same time. In commercial areas,
demand often increases during working hours because of lighting, computers, elevators,
ventilation, and cooling systems . Weather also has a strong effect on peak demand, especially
during hot days when air-conditioning use rises or during cold periods when electric heating is
needed. Industrial and agricultural activities can also create peaks when large motors, pumps,
compressors, furnaces, production lines, or irrigation systems operate simultaneously. In
standalone microgrids, even a few large loads can produce a significant peak because the total
system capacity is limited [39]. Sudden changes, such as the simultaneous start-up of motors or
cooling units, may also cause rapid load increases and lead to voltage or frequency disturbances
[39]. Therefore, understanding the causes of peak demand is important for reliable system

operation and effective energy management.
2.3.3 Peak Demand in Standalone Microgrids

Peak demand is more critical in standalone microgrids than in large interconnected systems
because all electricity demand must be supplied by local generators and storage units [3], [39].
Unlike grid-connected systems, standalone microgrids cannot easily import additional power
from the main grid during high-demand periods. When peak demand occurs, diesel generators
or gas turbines may operate near their maximum capacity, which increases fuel consumption,
emissions, and mechanical stress. Frequent peak operation can also accelerate generator aging
and increase maintenance costs. Battery energy storage can reduce peak demand by supplying
part of the load, but it has limited capacity and must be carefully managed to avoid deep
discharge and degradation[39] . If renewable generation is low during peak periods, the
microgrid depends more on conventional generators. Sudden load increases can also affect
voltage and frequency stability if generation does not respond quickly. Therefore, peak-demand
management, supported by forecasting-based energy management, is essential to improve

reliability, reduce fuel use, decrease generator stress, and lower operating costs.
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Figure 10: a load curve showing peak and off-peak periods

2.4 Impacts of Peak Demand

Peak demand has important effects on the technical, economic, and environmental
performance of power systems. During peak periods, the system must supply a high amount of
power in a short time, which can increase operating costs and stress the electrical infrastructure.
In standalone and hybrid microgrids, these impacts are more critical because all the required

energy must be supplied locally by generators, renewable sources, or storage systems.
2.4.1 Economic Impacts

Peak demand increases the cost of electricity supply because system operators may need to
use expensive and less efficient generation units during high-demand periods. These units are
often used for a short time, but they must be available to guarantee system reliability. In addition,
peak demand can increase fuel consumption, maintenance costs, and the required investment in
generation, storage, transformers, and cables. In microgrids, frequent peak periods may force
diesel generators or gas turbines to operate near their maximum capacity, which increases fuel

cost and accelerates equipment aging.
2.4.2 Operational Impacts

From an operational point of view, peak demand creates stress on generators, transformers,
cables, converters, and protection devices. If demand rises quickly and the generation does not
respond fast enough, the system may experience voltage drops, frequency deviations, or even
load shedding. In standalone microgrids, this problem is more serious because there is no main

grid to support the system during sudden load increases. Therefore, peak demand requires
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accurate forecasting, sufficient reserve capacity, fast control response, and proper scheduling of

generators and energy storage systems.

2.4.3 Environmental Impacts

Peak demand can also increase environmental impacts because high-demand periods may

require the use of fossil-fuel-based backup or peaking generators. These units can produce

higher emissions of carbon dioxide, nitrogen oxides, and other pollutants, especially when diesel

generators or inefficient thermal units are used. Reducing peak demand through energy storage,

demand response, load shifting, and renewable energy support can help reduce the operation of

high-emission generators and improve the environmental performance of the power system.

Table 8 : The consequences of peak demand on system operation and economics

Impact category

Consequences

Effect on system operation

Economic effect

Generation stress

Conventional genera-
tors may operate near
their rated capacity
during peak periods.

Increases thermal and

mechanical stress on diesel

generators and gas turbines.

Higher fuel consump-
tion, higher maintenance

cost, and faster equipment

aging.

Network loading Transformers, cables, Increases the risk of overload, May require larger trans-
converters, and protec- | voltage drops, and protection | formers, cables, and protec-
tion devices may carry | activation. tion equipment.
high current.

Reliability risk Available generation or | Can lead to load shedding, Causes service interrup-
storage may be insuffi- | voltage instability, frequency | tion losses and reduces sup-
cient during peak peri- | deviations, or power | ply reliability.
ods. interruptions.

Operating cost Expensive or less effi- | Increases  dependence  on Raises electricity pro-

cient generators may
be needed to meet the

peak load.

backup or peaking units.

duction cost and fuel ex-

penses.

Maintenance

requirements

Frequent peak-load op-
eration accelerates

component wear.

Reduces the lifetime of
generators, storage systems, and

power electronic converters.

Increases preventive and
corrective maintenance

costs.
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Environmental Fossil-fuel-based units | Increases fuel = combustion | Raises COz, NOx, and pol-
impact may be used more fre- | during high-demand periods. lutant emissions, especially
quently during peak in diesel- or gas-turbine-
demand. based systems.
System planning The system must be Requires  higher  installed | Increases capital investment

sized according to the capacity and larger reserve | in generation, storage, and
maximum demand, margin. network infrastructure.
even if it occurs for a

short time.

2.5 Peak Demand Indicators

Peak demand indicators are used to describe the form and behavior of an electrical load
profile. They help engineers know if the load is stable, changing, or concentrated during short
high-demand periods. These indicators are important in power-system planning, generator
sizing, energy management, demand response, and peak-shaving studies. In power systems and
microgrids, the most useful indicators are the Peak-to-Average Ratio, Load Factor, and Demand
Factor. These indicators are simple, but they give important information about how well the
installed generators and network capacity are used. When a system has a high peak demand but
a low average demand, it usually needs larger equipment, more reserve power, and higher
operating costs. In contrast, a system with a smoother load profile is usually easier, safer, and

less expensive to operate [40], [41].
2.5.1 Peak-to-Average Ratio (PAR)

The Peak-to-Average Ratio, usually written as PAR, is an important indicator used to
compare the maximum power demand with the average power demand over a selected period.
It is commonly used in demand-side management and smart-grid studies to measure how strong
the demand peak is compared with the normal load level [42], [43]. A high PAR means that the
load profile has large peaks and poor load distribution. This situation can increase stress on
generators, transformers, cables, and energy storage systems. It can also require larger system
capacity to supply short periods of high demand. In contrast, a low PAR means that the load is
more balanced and easier to manage. Reducing PAR is therefore an important objective in peak
shaving, load shifting, and demand-response strategies[42]. This helps improve system

operation and reduce the technical and economic impacts of peak demand.
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2.5.2 Load Factor

The Load Factor is the ratio between the average load and the maximum demand during a
selected period. It is used to evaluate how efficiently the available electrical system capacity is
used. A high load factor means that the load remains close to the maximum demand for a large
part of the time, which indicates better use of generators and network equipment. A low load
factor means that the system has high demand peaks but relatively low average consumption
[44], [45]. This is important because many power-system components must be sized according
to the maximum demand, even if it occurs only for a short time. Improving the load factor can
reduce the need for oversized generators, transformers, cables, and storage systems. In demand-
response studies, improving the load factor is often combined with reducing consumer energy
costs [44], [46]. Therefore, load factor is an important indicator for improving system efficiency

and reducing the impact of peak demand.
2.5.3 Demand Factor

The Demand Factor is the ratio between the maximum demand of a system and the total
connected load. The connected load is the sum of the rated powers of all electrical devices
connected to the system. Since all devices rarely operate at full power at the same time, the
demand factor is usually less than or equal to one [36]. This indicator is useful in electrical
design because it helps engineers avoid oversizing generation and distribution equipment. If the
connected load is high but only part of it operates at the same time, the real maximum demand
will be lower than the total connected load. In microgrids, demand factor is important for
selecting the capacity of generators, inverters, transformers, cables, and energy storage systems.
A high demand factor means that many loads may operate simultaneously, requiring larger
system capacity. A low demand factor allows more efficient sizing because the connected load

is not fully used at the same time.

2.6 Peak Shaving Techniques

Peak shaving techniques are used to reduce the maximum power demand during peak periods
by lowering high-demand peaks or shifting part of the load to off-peak hours. Their main
objective is to make the load curve smoother and easier to manage. In power systems and
microgrids, peak shaving can reduce operating costs, limit the use of expensive peaking
generators, and decrease stress on generators, transformers, cables, and storage systems [6],
[36]. This is especially important in microgrids because generation and storage capacities are
limited, and the balance between local generation and demand must be maintained continuously.
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Common peak shaving methods include demand response, battery energy storage, distributed
generation, renewable energy integration, and electric vehicle-based strategies [36], [47]. These
methods can be applied separately or combined within an energy management system. As a
result, peak shaving helps improve reliability, reduce costs, and support more efficient microgrid

operation.

2.7 Demand Response Programs

Demand response is a peak shaving technique that reduces or shifts electricity consumption
during critical periods instead of increasing generation. It allows system operators to encourage
users to reduce, delay, or reschedule part of their load when demand is high. This can be done
through time-of-use tariffs, direct load control, interruptible load contracts, incentive programs,
or real-time pricing [41]. Demand response is useful because it can reduce peak demand without
the need to install new generation units. Non-critical loads, such as air conditioning, water
heating, pumping systems, and some industrial processes, can be moved to off-peak periods.
This helps flatten the load curve, reduce operating costs, and improve system reliability.
However, the effectiveness of demand response depends on customer participation,

communication systems, control infrastructure, and suitable financial incentives [40], [41].
2.7.1 Battery Energy Storage Systems

Battery Energy Storage Systems (BESS) are effective technologies for peak shaving because
they can store energy during off-peak periods and discharge it during peak-demand periods. The
battery can be charged using low-cost electricity, surplus generation, or renewable energy, then
used to supply part of the load when demand is high [37], [48]. This reduces the power required
from the main grid or from conventional generators. In microgrids, BESS can provide fast
response, load smoothing, renewable energy support, and backup power. It can also reduce the
need to operate diesel generators or gas turbines near their maximum capacity. However,
battery-based peak shaving requires proper sizing and control. An undersized battery may not
reduce the peak effectively, while an oversized battery can increase investment costs. Battery
aging, depth of discharge, state of charge limits, and replacement cost must also be considered

[37], [49] during system design and operation.
2.7.2 Distributed Generation

Distributed generation can be used for peak shaving by producing electricity close to the load

during high-demand periods. These generators may include diesel generators, gas turbines,
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microturbines, fuel cells, biomass generators, or combined heat and power units. During peak
periods, they can supply part of the local demand and reduce the power required from the main
grid or from the main microgrid generator [36]. The main advantage of distributed generation is
that many of these units are dispatchable, especially conventional generators. This means they
can provide firm power when renewable sources or batteries are not sufficient. However, fossil-
fuel-based distributed generation can increase fuel consumption, emissions, noise, and
maintenance costs. Therefore, distributed generation should be operated carefully and
coordinated with renewable energy sources and storage systems. This coordination helps

improve peak shaving while reducing technical, economic, and environmental impacts.
2.7.3 Renewable Energy Integration

Renewable energy integration can support peak shaving when renewable production occurs
during high-demand periods. For example, solar PV can help reduce daytime peaks caused by
cooling loads, commercial activity, or industrial operation. Wind energy can also contribute to
peak reduction when wind power is available during periods of high demand [50]. However,
renewable-based peak shaving is limited because solar and wind generation are intermittent and
depend on weather conditions. Solar PV cannot reduce evening or night peaks unless it is
combined with energy storage. Similarly, wind generation may not always match the time of
peak demand. For this reason, renewable energy becomes more effective for peak shaving when
it is combined with batteries, forecasting, demand response, and energy management systems
[50]. This combination improves the use of renewable energy and helps reduce the stress on

conventional generators.
2.7.4 Electric Vehicle-Based Peak Shaving

Electric vehicles can support peak shaving through controlled charging and vehicle-to-grid
operation. In controlled charging, EV charging is shifted from peak hours to off-peak hours to
avoid increasing electricity demand during critical periods. In vehicle-to-grid operation, EV
batteries can discharge power back to the grid or microgrid during peak-demand periods [51].
This makes EVs a promising flexible energy resource, especially when many vehicles are
connected at the same time. However, EV-based peak shaving requires smart chargers,
communication infrastructure, user participation, suitable pricing methods, and protection of
battery lifetime. If EV charging is not properly controlled, it can increase peak demand instead

of reducing it [52]. Therefore, EV charging and discharging must be managed by an intelligent
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scheduling or energy management system. This helps reduce peak load and improve the

flexibility of power systems and microgrids.

2.8 Forecasting for Peak Demand Management

Forecasting is an essential tool for peak demand management because it helps predict future
electricity consumption before peak periods occur. In power systems and microgrids, accurate
load forecasting allows operators to prepare generation units, schedule battery storage, manage
demand response, and reduce unnecessary fuel consumption [53], [54]. Without forecasting, the
system may react too late to sudden load increases, which can lead to higher operating costs,
generator stress, voltage deviations, or load shedding. Forecasting is especially important in
standalone hybrid microgrids because they cannot depend on the main utility grid during peak
periods. The local controller must know in advance whether renewable generation, battery
storage, and conventional generators can satisfy the expected demand. Forecasting-based energy
management can therefore improve reliability, reduce peak-load stress, and support optimal
microgrid operation [55], [56]. It also helps operators make better decisions before critical

conditions appear.
2.8.1 Load Forecasting Fundamentals

Load forecasting is the process of predicting future electricity demand using historical load
data, weather information, calendar variables, and other related factors. Its main objective is to
estimate the amount of power required during a future time interval. Forecasting models may
use inputs such as previous load values, temperature, humidity, hour of the day, day of the week,
holidays, and seasonal information [53]. Different methods can be applied, including regression
models, time-series models, exponential smoothing, and autoregressive models. More advanced
approaches include artificial neural networks, support vector machines, random forests, gradient
boosting, deep learning, and hybrid models . These modern methods are useful because they can
describe nonlinear relationships between demand, weather, and time-related variables. For peak
demand management, forecast accuracy is very important because underestimation may leave
the system without enough generation or storage capacity, while overestimation may cause
unnecessary generator operation [57]. Therefore, effective load forecasting should reduce
prediction errors, especially during high-demand periods, to support reliable and economical

system operation.
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2.8.2 Forecasting Horizons

Load forecasting can be classified according to the prediction horizon. The forecasting
horizon refers to how far into the future the model predicts the load demand. The most common
categories are short-term, medium-term, and long-term load forecasting. Each horizon has
different objectives, input data requirements, and applications in power-system operation and

planning [53], [58].
2.8.3 Short-Term Load Forecasting

Short-term load forecasting predicts electricity demand from a few minutes ahead to several
hours or days ahead, and in some studies it can extend up to one week. It is mainly used for real-
time operation, unit commitment, economic dispatch, battery scheduling, demand response, and
peak shaving [53], [57]. In microgrids, this type of forecasting is important because it helps the
energy management system make better operational decisions. It can guide when generators
should start or stop, when batteries should charge or discharge, and when non-critical loads
should be reduced or shifted. For example, if an evening peak is expected, the controller can
charge the battery during the day and use it later to support the load [55], [56]. This reduces
generator stress during peak periods and improves the reliability of microgrid operation.
Therefore, short-term load forecasting is an essential tool for efficient and flexible energy

management.
2.8.4 Medium-Term Load Forecasting

Medium-term load forecasting predicts electricity demand over several weeks to several
months. It is mainly used for maintenance planning, fuel planning, energy purchasing, monthly
operation planning, and resource scheduling [58], [59]. This type of forecasting helps utilities
and microgrid operators understand expected demand trends before high-demand periods. In
hybrid microgrids, it can support fuel supply planning for diesel generators or gas turbines and
help prepare the available generation resources. It can also assist in planning battery operation
and evaluating renewable energy availability. Medium-term forecasting is useful for identifying
months when demand may increase because of cooling, heating, agricultural pumping, or
industrial activity. This information allows operators to prepare the microgrid in advance.
Therefore, medium-term load forecasting supports reliable, economical, and organized

microgrid operation.
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2.8.5 Long-Term Load Forecasting

Long-term load forecasting predicts electricity demand over one year or several years. It is
mainly used for power-system expansion planning, investment decisions, generation capacity
planning, transmission and distribution reinforcement, and long-term energy policy [58], [59].
Unlike short-term forecasting, it is not focused on real-time operation but on estimating future
electricity demand growth. In microgrids, long-term forecasting is important during system
design or expansion because it helps determine future needs for PV capacity, battery storage,
conventional generators, transformers, and distribution lines. It is also useful for isolated
microgrids serving growing communities, industrial sites, agricultural farms, or remote
facilities. By estimating future demand, operators and planners can avoid undersizing or
oversizing the system. Therefore, long-term forecasting supports reliable planning, better

investment decisions, and sustainable microgrid development.
2.8.6 Renewable Power Forecasting

Renewable power forecasting is the process of predicting the future output of renewable
energy sources, mainly solar PV and wind systems. It is important in microgrids because
renewable generation is variable and depends strongly on weather conditions. Accurate
forecasting helps the energy management system prepare batteries, schedule conventional
generators, reduce fuel consumption, and avoid power imbalance during peak-demand periods
[60], [61]. In standalone hybrid microgrids, renewable forecasting is directly linked to peak
demand management. If renewable generation is expected to be low during a peak period, the
controller can prepare the battery or start a backup generator in advance. If renewable generation
is expected to be high, the controller can reduce the use of conventional generators and charge
the storage system [62], [63]. In this way, renewable forecasting improves the coordination
between renewable sources, storage units, and dispatchable generators. It also supports more

reliable and economical microgrid operation.
2.8.7 Solar Power Forecasting

Solar power forecasting predicts the future output of a photovoltaic system using variables
such as solar irradiance, temperature, cloud cover, time of day, season, and historical PV power
data. Solar irradiance is the most important input because PV generation depends directly on the
sunlight received by the panels, while high temperature can reduce PV efficiency [60], [61].
Forecasting methods may include physical models, statistical models, machine-learning models,

and hybrid approaches. Physical models use solar geometry, weather forecasts, and PV system
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parameters, while statistical and machine-learning models learn from historical data. Artificial
intelligence techniques, such as neural networks, support vector machines, random forests,
gradient boosting, and deep learning, are widely used for PV forecasting [60], [61], [64]. For
peak demand management, short-term solar forecasting is especially useful because it shows
whether PV generation will be available during daytime peaks. If PV production is expected to
be high, the microgrid can reduce the use of diesel generators or gas turbines. If cloud cover is
expected to reduce PV output, the EMS can prepare battery discharge or backup generation in
advance [62], [64].

2.8.8 Wind Power Forecasting

Wind power forecasting predicts the future electrical output of wind turbines using variables
such as wind speed, wind direction, air density, turbine characteristics, and historical wind-
power data. Wind speed is the most important factor because wind power is strongly related to
the cube of wind speed, so small wind-speed errors can cause large forecasting errors [65], [66].
Compared with solar forecasting, wind forecasting is often more difficult because wind speed
changes quickly and varies strongly with time and location. Forecasting methods include
physical models based on numerical weather prediction, statistical time-series models, machine-
learning models, and hybrid approaches. Recent studies use methods such as random forests,
support vector regression, convolutional neural networks, and long short-term memory
networks to capture nonlinear wind patterns [65], [66], [67]. In microgrids, wind forecasting
helps schedule batteries, reduce generator operation, and prepare reserve power. If wind power
is expected to decrease during a peak period, dispatchable generation or storage support must
be prepared [63], [67]. Therefore, combining wind and solar forecasting with load forecasting

improves energy management, reduces peak stress, and supports reliable microgrid operation.

2.9 Artificial Intelligence Techniques for Forecasting

Artificial Intelligence techniques are important tools for load and renewable power
forecasting because they can learn complex and nonlinear relationships from historical data. In
peak demand management, Al-based forecasting helps predict future high-load periods,
allowing the EMS to prepare generators, schedule batteries, shift flexible loads, and reduce fuel
consumption [54], [59]. This is especially useful in standalone hybrid microgrids, where
generation and demand must be balanced locally without support from the main grid. Al models
use inputs such as historical load, temperature, humidity, solar irradiance, wind speed, calendar

information, and previous peak events. Before training, data preprocessing, normalization,
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feature selection, missing-data treatment, and outlier detection are needed to improve accuracy
[57], [68]. Common machine-learning methods include neural networks, support vector
regression, random forests, gradient boosting, and ensemble models. Deep-learning and hybrid
models, such as LSTM, CNN, GRU, and CNN-LSTM, are also used to extract temporal patterns
from load and renewable energy data [68], [69]. For solar and wind forecasting, Al can use
irradiance, temperature, cloud cover, wind speed, wind direction, and historical power data [60],
[70]. However, Al models require good-quality data, proper validation, and suitable error
metrics such as MAE, RMSE, and MAPE to balance accuracy, speed, simplicity, and
interpretability.

2.10 Forecast-Based Peak Shaving Strategies: Literature Review

Forecast-based peak shaving strategies combine forecasting models with energy
management and scheduling algorithms to reduce the maximum demand in power systems and
microgrids. The main idea is to predict future load demand and renewable generation, then use
this information to control batteries, flexible loads, and conventional generators before peak
periods occur [6], [71]. This approach is more effective than reactive control because the system
can prepare its resources in advance instead of responding after the peak appears. In microgrids,
these strategies are commonly applied with PV systems, wind generation, battery storage, diesel
generators, gas turbines, and controllable loads. Forecasting can improve economic operation,
reduce fuel consumption, limit battery stress, and decrease the need for expensive peak
generation [6], [32]. However, the success of this approach depends on the accuracy of load and
renewable forecasts. It also depends on the quality of the optimization model and the ability of

the controller to update decisions when real conditions differ from predictions.
2.10.1 Forecast-Based Energy Management Approaches

Forecast-based energy management uses predicted information to choose the best operating
strategy for a microgrid. These forecasts may include load demand, PV power, wind power,
electricity price, battery state of charge, and weather variables. Based on this information, the
EMS decides how much power should come from renewable sources, batteries, and
conventional generators during each time interval [54], [71]. Predictive EMS structures have
been proposed in several studies, including the work of Duran et al., where an LSTM model was
used to forecast PV power and load demand for a PV-dominated microgrid [71]. Forecast-based
EMS can improve renewable energy use and reduce unnecessary generator operation when the

forecasts are accurate [6], [60]. Model Predictive Control is a common approach because it uses
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forecasts, solves an optimization problem, applies the first control action, and updates the
decision when new data are available [72], [73]. This makes it suitable for microgrids with
variable load and renewable generation. Forecast-based EMS can also minimize fuel cost,
battery degradation cost, electricity purchase cost, or total operating cost while respecting
technical constraints such as battery limits, generator limits, ramp rates, and power balance [32],
[74]. Therefore, it is especially important in standalone hybrid microgrids, where power balance

must be maintained locally.
2.10.2 Forecast-Based Peak Shaving in Microgrids

Forecast-based peak shaving in microgrids uses predicted load demand and generation
information to reduce the highest demand periods. Instead of reacting after the peak occurs, the
controller predicts when the peak is expected and prepares the available resources in advance
[6], [74]. For example, the battery can be charged before the peak and discharged during the
high-demand period, while flexible loads can be shifted to off-peak hours. Dispatchable
generators can also be scheduled only when needed, which helps reduce fuel consumption and
generator stress. Battery Energy Storage Systems are widely used for this purpose because they
respond quickly and can supply power during peak periods. Peak forecasting improves battery
scheduling by identifying the highest-demand hours and using the battery more effectively [75].
In islanded microgrids, this strategy is especially important because there is no main grid support
during sudden demand increases [37]. Forecast-based peak shaving can also use renewable
power forecasts to decide whether PV or wind generation can support the expected peak [60],

[71]. This improves peak shaving reliability and reduces unnecessary generator operation.
2.10.3 Forecast-Based Scheduling of Conventional Generators

Forecast-based scheduling of conventional generators is an important strategy in standalone
and hybrid microgrids because diesel generators, gas turbines, and microturbines should operate
only when needed. These generators can support the system when renewable generation and
battery storage are not sufficient, but they also increase fuel consumption, emissions,
maintenance cost, and mechanical stress [32], [74]. For this reason, generator scheduling should
be based on predicted load demand, renewable energy availability, and reserve requirements.
This process is usually treated as a unit commitment and economic dispatch problem, where the
EMS decides which generators should be ON or OFF and how much power each online
generator should produce [74], [76]. The optimization must respect technical limits such as

generator capacity, ramp rates, minimum up/down time, start-up cost, and fuel cost. Forecast
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uncertainty is important because underestimating demand may leave the microgrid without
enough generation, while overestimating it may cause unnecessary generator operation [76].
During expected peak periods, the EMS can start generators in advance and coordinate them
with battery discharge to reduce voltage or frequency problems. Therefore, forecast-based
scheduling supports peak shaving, reduces fuel use and generator stress, improves renewable

energy utilization, and increases the reliability of standalone hybrid microgrids.

2.11 Research Gap and Motivation

The reviewed literature shows that important progress has been made in peak shaving,
microgrid energy management, and forecasting techniques. Many studies have examined
demand response, battery storage, renewable integration, and optimization-based scheduling to
reduce peak demand. Other works have focused on load forecasting, renewable power
forecasting, and predictive control for better microgrid operation. However, these topics are
often studied separately, with limited focus on integrated frameworks that directly link
forecasting results to peak shaving decisions in standalone hybrid microgrids [6], [72]. In
addition, many studies mainly target cost minimization or energy balancing rather than reducing
peak stress on conventional generators such as gas turbines. Some hybrid microgrid studies also
focus on optimal sizing and techno-economic design, while fewer studies propose operational
methods that use forecasted demand to guide PV contribution for peak reduction. Therefore,
this gap supports the development of a forecast-driven PV—gas turbine peak shaving framework

that combines forecasting, peak identification, and operational decision-making [32], [76], [77].
2.11.1 Limitations of Existing Peak Shaving Strategies

Existing peak shaving strategies can reduce peak demand, but each method has important
limitations. Demand response depends strongly on user participation, suitable incentives, and
communication infrastructure. Battery-based peak shaving is effective, but its performance
depends on proper sizing, state-of-charge management, and battery degradation limits.
Distributed generation and renewable energy integration can also support peak reduction, but
their effectiveness depends on fuel availability, renewable intermittency, and coordination with
other microgrid resources [6], [36]. Another limitation is that many peak shaving methods are
reactive instead of predictive. In many cases, the control system responds only after the load has
already increased, which can reduce the effectiveness of peak mitigation. This problem is more
critical in standalone microgrids, where local resources must be prepared quickly. Moreover,

some methods focus only on reducing the electrical peak, without fully considering generator
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stress such as repeated start-stop cycles, operation near rated power, and accelerated aging [6],

[36], [72].
2.11.2 Limitations of Existing Forecast-Based Approaches

Forecast-based approaches improve microgrid decision-making by predicting future load
demand and renewable generation, but they still have several limitations. Forecast uncertainty
is one of the main problems because errors in load or renewable prediction can cause poor
scheduling, unnecessary generator operation, battery misuse, or failure to meet peak demand
[32], [76]. In addition, many forecast-based EMS studies focus mainly on economic dispatch or
grid-connected operation rather than peak-focused control in standalone hybrid microgrids [71],
[72]. Another limitation is that several studies do not clearly combine peak detection, peak-
period classification, and generator stress reduction in the control objective. In many cases,
forecasting is used to improve general scheduling, but not specifically to reduce peak loading
on conventional generators. Some predictive microgrid studies also focus on PV-battery
coordination or generic unit commitment without directly considering the role of gas turbines
during forecasted peak-demand periods [71], [76], [78]. Therefore, more integrated approaches
are needed to connect forecasting, peak identification, and gas turbine stress reduction in

standalone hybrid microgrids.

2.11.3 Motivation for a Forecast-Driven PV-Gas Turbine Peak Shaving

Framework

The motivation of this work is to develop a forecast-driven framework that reduces peak
stress on a gas turbine in a standalone hybrid microgrid. The main idea is to forecast the total
microgrid power demand, detect expected peak periods, and use photovoltaic generation to
support these critical intervals [71], [77]. In this approach, the PV system is not only treated as
a renewable energy source, but also as an active peak shaving resource. This is important
because gas turbines are reliable and dispatchable, but repeated operation during peak-load
periods increases fuel consumption, thermal stress, maintenance needs, and operating cost. PV
generation can reduce part of the daytime load on the gas turbine, but its contribution must be
planned because solar power is intermittent. In standalone microgrids, peak demand must be
managed locally because there is no permanent support from the main grid [39], [77], [78].
Therefore, a forecast-driven PV—gas turbine framework can improve reliability, reduce

generator stress, increase renewable energy utilization, and support more economical operation.
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2.12 Conclusion

This chapter discussed peak demand challenges and mitigation strategies in power
systems, with particular attention to standalone hybrid microgrids. It first explained load
characteristics and demand profiles, including daily, weekly, and seasonal variations, then
presented the peak demand phenomenon, its causes, and its technical, economic, and
environmental impacts. The chapter also introduced key peak demand indicators such as the
Peak-to-Average Ratio, Load Factor, and Demand Factor, which help evaluate the severity and
efficiency of load profiles. Several peak shaving techniques were reviewed, including demand
response, battery energy storage, distributed generation, renewable energy integration, and
electric vehicle-based strategies. In addition, forecasting methods and artificial intelligence
techniques were discussed as important tools for predicting load demand and renewable power
generation. Finally, the chapter identified the research gap related to the limited integration of
forecasting, PV contribution, and gas-turbine peak stress reduction, which motivates the
development of a forecast-driven PV—gas turbine peak shaving framework in the following

chapter.
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General Introduction

3.1 Introduction

This chapter presents the methodology developed to transform historical microgrid
measurements into forecasting-based peak-shaving decisions. The proposed method combines
data preprocessing, historical peak analysis, short-term load forecasting, long-term daily-peak
forecasting, photovoltaic (PV) power representation, battery energy storage system (BESS)
dispatch, and PV sizing. The main objective is not only to forecast future power demand, but
also to use the predicted critical periods to evaluate how PV generation and BESS support can

reduce the residual load imposed on the gas-turbine source.

The methodology is built around a real open-source microgrid dataset instead of a theoretical
or synthetic load profile. The working case is derived from the University of California, San
Diego (UCSD) microgrid dataset released by Silwal et al. [75]. This dataset is suitable for the
present study because it contains multi-year measurements of power consumption, on-campus
generation, grid import, PV generation, and storage-related resources in a real advanced campus
microgrid. Therefore, it provides a realistic basis for testing forecasting and peak-shaving

algorithms.

It is important to clarify that the UCSD microgrid is not treated here as a purely standalone
microgrid. It is a real grid-connected campus microgrid that self-generates a large part of its
electricity and exchanges the remaining power with San Diego Gas & Electric (SDG&E). In
this dissertation, the dataset is used as a realistic experimental case for a gas-turbine-based
standalone or weak-grid operating scenario. The total campus load is used as the demand signal
to be forecasted, while the available PV measurements and the simulated BESS strategy are

used to evaluate peak-shaving support.

3.2 Dataset Source and Study Case Description

The data used in this chapter are based on the article “Open-source multi-year power
generation, consumption, and storage data in a microgrid,” published in the Journal of
Renewable and Sustainable Energy by Silwal, Mullican, Chen, Ghosh, Dilliott, and Kleissl [75].
The article reports open-source, quality-controlled microgrid data from the UCSD campus.
According to the source, the UCSD microgrid includes a central natural-gas-fired combined heat
and power plant with two 13.5 MW gas turbines and a 3 MW steam turbine, distributed solar
PV generators, a 2.8 MW fuel cell, a 2.5 MW battery energy storage system, chilled thermal

energy storage, electric-vehicle charging stations, and monitored campus buildings.
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For the present implementation, The processed file contains the main fields needed for this
study, including the timestamp, total load and the measurements are expressed in kW, and
therefore the analysis keeps the same unit structure: kW for power, kWh for energy, and kWp
for installed PV capacity.

3.3 Gas-Turbine Load Assumption

An important methodological assumption is required because the working dataset does not
provide a separate measured time series for the electrical power generated only by the gas
turbines. The measured demand variable used in the forecasting model is the total campus load,
while the available on-campus generation variable represents an aggregate of several resources

and cannot be interpreted as pure gas-turbine production.

Therefore, for the purpose of applying the proposed gas-turbine peak-shaving framework,
the total load is assumed to represent the equivalent load supplied by the gas-turbine source in
the considered standalone or weak-grid operating scenario. Consequently, the terms forecast
load, residual gas-turbine power, and gas-turbine burden used in the following sections refer to
modeled quantities derived from the total load, not to directly measured gas-turbine output. This
assumption is necessary to adapt the UCSD dataset to the objective of this work while keeping

the interpretation methodologically clear.

3.4 Overall Methodological Framework

The proposed framework follows a sequential procedure that connects historical data
analysis, forecasting, peak detection, PV contribution, BESS dispatch, and PV sizing. The
general workflow is presented as follows: UCSD microgrid dataset, data preprocessing,
historical peak detection, feature engineering, short-term load forecasting, future peak detection,
PV power representation, BESS dispatch simulation, PV sizing scan, and finally peak-shaving

indicators with best PV size selection.

The first stage prepares the dataset by cleaning the time series, selecting the appropriate
columns, and resampling the data to an hourly resolution. The second stage detects historical
peaks and extracts useful information about the timing and severity of high-load events. The
third stage builds forecasting features from calendar variables, lagged values, and rolling
statistics. Then, machine-learning models are trained to forecast short-term hourly load and

long-term daily peak demand. The predicted load is analyzed to detect future critical periods.
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Finally, PV and BESS support are simulated to evaluate the reduction in gas-turbine stress for

different PV sizes.

3.5 Data Preprocessing and Time-Series Preparation

The preprocessing stage transforms the raw dataset into a regular time-series structure
suitable for peak detection and forecasting. The Python implementation first reads the uploaded
CSV or Excel file, verifies that the selected time, load, PV power, or solar irradiance columns
are present, converts the timestamp field to a datetime format, converts numerical columns to
numeric values, removes invalid timestamp or load rows, and sorts the observations

chronologically.

Because public microgrid datasets may contain sub-hourly measurements and duplicate
timestamps, the script first aggregates duplicate timestamps using the mean of numerical values,
then resamples the data to the selected working resolution. In the reported results, the working
resolution is hourly. This resolution is suitable for the objective of this dissertation because
peak-shaving decisions depend on the timing of high-load intervals, while the objective is not

to model second-by-second electrical transients.

Missing load values after resampling are filled using interpolation followed by backward and
forward filling. The same logic is applied to optional temperature, solar irradiance, and PV
power columns when they are available. The resulting dataset is a continuous and homogeneous

time series that can be used for forecasting and for constructing peak-shaving indicators.
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Figure 12 : Historical load profile with detected peaks

3.6 Historical Peak Detection and Exploratory Peak Analysis

Historical peak detection is performed before forecasting because it provides a baseline

description of the system stress pattern. A statistical peak threshold is computed as the 90th
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percentile of the historical load distribution. Local maxima above this threshold are then
detected using a minimum distance between peaks and a prominence criterion. This avoids

counting small oscillations as separate high-demand events.

In parallel, an operational gas-turbine stress threshold is introduced as a fraction of an
assumed rated generation capacity. In this work, because gas-turbine output is not available as
an independent measured column, the stress threshold is applied to the assumed gas-turbine-
supplied load represented by the total load signal. Therefore, the peak-shaving indicators are

scenario-based indicators rather than direct measurements of gas-turbine operation.

The stress threshold is calculated as Pstress = fstres x PGT,rated, where Pstress is the gas-
turbine stress threshold, fstres is the stress fraction, and PGT,rated is the rated gas-turbine power.
In the implemented case, the rated gas-turbine power is 51,000 kW and the stress fraction is

0.65.

The historical analysis is extended by extracting the daily maximum load, monthly maximum
load, hour of occurrence of daily peaks, weekday distribution of peaks, monthly count of peak
events, and average peak value by month. These indicators are important because they show
whether peak demand is random or structured. The results show that peak demand follows daily
and seasonal patterns, which supports the use of forecasting for anticipating future critical

periods.

Historical: Which Months Are Having Peaks
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Figure 13 : Historical monthly peak count.
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Figure 14 : Historical average peak value by month
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Figure 15 : Historical distribution of the hour at which the daily peak occurs
Historical: Daily Peak Occurrence by Weekday
100 -
80+
60 -
40
20 1
0 -
5 ¢ g Z & 3 S
2 = £ E 3 A
=
Day

Figure 16 : Historical daily peak occurrence by weekday.
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3.7 Forecasting Feature Engineering

The forecasting framework relies on engineered features that describe the temporal structure
of the load. For the hourly model, the script creates calendar features such as hour of day, day
of week, month, day of year, and a weekend indicator. These variables allow the model to

represent daily routines, weekly differences, and seasonal effects.

In addition to calendar information, the model uses lagged values and rolling statistics. The
hourly lags include one hour, twenty-four hours, forty-eight hours, and one hundred sixty-eight
hours. These represent short-term persistence, yesterday-at-the-same-hour recurrence, two-day
memory, and weekly recurrence. Rolling means and rolling standard deviations over twenty-

four and one hundred sixty-eight hours summarize the recent level and variability of the load.

Cyclical encoding is also used for periodic time variables. The hour of the day and day of
the year are transformed using sine and cosine functions so that their periodic nature is
preserved. This is important because hour 23 and hour 0 are close in the real daily cycle,

although they are numerically far apart in a simple integer representation.

The same feature-engineering logic is used for renewable-power forecasting when a PV
power or solar-irradiance column is available. The script can operate in two PV input modes:
irradiance-based and synthetic. A historical solar irradiance is used if its available and if not,a

synthetic clear-sky PV profile is generated.

3.8 Prediction Method: Histogram-Based Gradient Boosting Regression

The prediction stage of this work is based on a supervised machine-learning regression
method called Histogram-Based Gradient Boosting Regression. In the Python implementation,
this method is applied using the HistGradientBoostingRegressor algorithm. This model belongs
to the family of ensemble learning methods, where several decision-tree learners are built
sequentially. Each new tree attempts to reduce the errors produced by the previous trees.
Through this progressive correction process, the final model can learn nonlinear relationships

between the input variables and the target variable.

This method was selected because it is suitable for nonlinear time-series regression problems
and can efficiently handle large datasets. It also requires limited preprocessing compared with
some other machine-learning methods and can capture interactions between calendar variables,
lagged load values, rolling statistics, and renewable generation indicators. These characteristics

are useful for microgrid forecasting because load demand and PV production are affected by
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nonlinear relationships between time, previous operating values, weather-related behavior, and

seasonal patterns.

The general forecasting problem can be written as P_hat(t) = f(Xt), where P_hat(t) is the
predicted power at time t, f is the trained regression model, and Xt is the feature vector
containing calendar features, lagged values, rolling statistics, and optional weather or PV-related

variables.

The model performance is evaluated using the Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE). MAE measures the average absolute difference between measured and
predicted values, while RMSE gives more weight to larger errors. These indicators are useful

for evaluating whether the model can reproduce the amplitude and timing of load variations.

3.9 Model and Peak Detection Parameters

The forecasting and peak detection parameters used in the implementation are summarized
in Table 10. These values define the peak detection sensitivity, forecasting horizon, gas-turbine

stress threshold, and PV sizing search range.

Table 9 : Forecasting and optimization parameters

Parameter Value Description

Peak quantile 0.9 Statistical threshold for

historical peak detection

Peak distance 4h Minimum distance

between detected peaks

Historical prominence 300 kW Minimum prominence for

historical peak detection

Future prominence 150 kW Minimum prominence for

future peak detection

Hourly test period 30 days Chronological test period

for hourly model evaluation
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Hourly forecast horizon 30 days Short-term recursive

forecast horizon

Daily  peak  forecast 12 months Long-term daily peak
horizon forecasting horizon
GT rated power 51,000 kW Assumed gas-turbine rated
power
GT stress fraction 0.65 Fraction used to define the

stress threshold

PV size minimum 1,000 kWp Lower bound of the PV

sizing scan

PV size maximum 30,000 kWp Upper bound of the PV

sizing scan

PV size step 1,000 kWp Increment used in the PV

sizing scan

3.10 Short-Term Hourly Load Forecasting Results

The first forecasting layer concerns short-term hourly load prediction. The historical dataset
is divided chronologically into training and testing periods. The model is trained on the historical
training data and then evaluated on unseen test data using MAE and RMSE. This chronological
split is important because it preserves the temporal order of the data and avoids using future

information during training.

After validation, the trained model is used recursively to forecast the next 30 days. In this
recursive procedure, each predicted hourly value is added to the previous sequence and reused

to calculate the next prediction. This produces a continuous future load profile.

The comparison between measured and predicted load shows that the model follows the

actual load profile closely during the test period. This is important because the objective is not
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only to estimate the average demand, but also to preserve the timing and amplitude of high-load
periods. A forecasting model that excessively smooths the peaks would underestimate the future

burden imposed on the gas-turbine source and could lead to an underdesigned peak-shaving
strategy.

Hourly Test Period: Actual vs Predicted
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Figure 17 : Hourly test period: actual versus predicted load.

3.11 Thirty-Day Recursive Forecast and Future Peak Detection

After validation, the hourly model is used recursively to generate a thirty-day forecast. The
resulting forecast is analyzed by the peak-detection module. The script first attempts to detect
future peaks using the historical statistical threshold. If no peaks are detected, it applies an
adaptive forecast-based threshold. If the forecast is too smooth for local maxima to be detected
the daily maximum fallback marks the maximum forecasted load of each day. This prevents the

future-peak curve from being empty and makes the future peak information usable for decision-
making.

The thirty-day forecast shows a clear daily structure and identifies expected future peak
periods. These peaks define the operating intervals during which the gas-turbine source is likely
to experience the highest burden. In the proposed methodology, future peaks are not treated only
as predicted values; they become target intervals for evaluating PV and BESS contribution. This

creates the main link between forecasting and peak shaving in the proposed framework.
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30-Day Hourly Forecast with Future Peaks
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Figure 18 : Thirty-day hourly forecast with future peaks.

3.12 Long-Term Daily Peak Forecasting

The second predictive layer focuses on the daily maximum load. The hourly load series is
converted into a daily peak series by taking the maximum load value of each day. A separate

gradient-boosting model is then trained using daily calendar features, lagged daily peak values,

and rolling statistics over weekly and monthly windows.

This model does not aim to reconstruct the full hourly curve. Instead, its purpose is to provide a
strategic view of future critical days over a longer planning horizon. The twelve-month forecast
of daily peak demand allows the identification of months with sustained high-load operation.
From this forecast, the script calculates monthly stress-day counts and monthly average daily
peaks. These outputs are useful for planning because they identify not only individual peak

events, but also periods with repeated high operating burden.
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Figure 19 : Twelve-month forecast of daily peak load
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Forecast: Average Daily Peak by Month
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Figure 20 : Forecast average daily peak by month
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Figure 21 : Forecast number of stress days by month

3.13 Photovoltaic Power Representation from the UCSD Dataset

The PV representation is adapted to the available input data. Instead of relying only on a
generic solar profile, the implementation can use a historical solar irradiance column when such
a column exists. The script forecasts or repeats the PV power behavior depending on data
availability, then normalizes the PV source power by a reference capacity to obtain a
dimensionless PV factor. This PV factor is multiplied by each candidate PV capacity in the
sizing scan. The PV power for a candidate size can be calculated as PPV,t = PVsize x FPV.t,
where PPV .t is the PV power at time t, PVsize is the candidate installed PV capacity, and FPV,t

is the normalized PV factor.
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The PV profile is zero during the night and increases during daytime, with a maximum
around midday. The comparison between forecast load and PV power is important because it
shows the limitation of PV-only peak shaving. When the load peak occurs during daylight, PV
can contribute directly. However, when high demand occurs during the evening or night, PV
alone cannot reduce the gas-turbine burden unless it is combined with storage. For this reason,

the BESS layer is introduced in the methodology.
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Figure 22 : Forecast PV power
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Figure 23 : Forecast load and representative PV contribution

3.14 Battery Energy Storage System Dispatch Strategy

The BESS is introduced to complement the PV contribution. In the implemented control
logic, the battery charges when PV production is available and discharges during no-PV or low-
PV periods in peak periods. The day/night decision is based mainly on the PV factor rather than
the absolute PV power. This is important because very small positive PV values may appear
around sunrise or sunset. Therefore, a PV-factor threshold is used to classify low-PV periods as

no-light intervals.
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The BESS operation is limited by energy capacity, power capacity, initial state of charge,
minimum SOC, maximum SOC, charging efficiency, and discharging efficiency. During PV
availability, a configured fraction of PV power is reserved for charging the battery. During no-
PV or low-PV periods, the BESS supplies part of the load, subject to power and SOC constraints.
This strategy is simple but operationally clear: daytime PV charges the battery, and the stored

energy is then used when solar power is not available.

Table 10 : BESS dispatch parameters

Parameter Value Description

BESS energy capacity 20,000 kWh Total battery energy capacity

BESS power capacity 5,000 kW Maximum charge/discharge power

Initial SOC 80% Initial state of charge

Minimum SOC 20% Lower operating limit

Maximum SOC 95% Upper operating limit

Charge efficiency 0.95 Battery charging efficiency

Discharge efficiency 0.95 Battery discharging efficiency

Charge fraction of PV 0.5 Fraction of PV power reserved for
charging

Night GT target fraction 0.8 Target fraction of GT stress
threshold at night

Night load support fraction 0.2 Fraction of night load supplied by
BESS

PV day threshold for BESS 0.3 Threshold below which PV is
treated as low/no-PV

The residual gas-turbine power after PV is computed by subtracting the PV power from the
forecast load. After BESS support, the residual gas-turbine power is computed by subtracting
both PV power and battery discharge power from the forecast load. The state of charge evolves

according to the charging power, discharging power, battery capacity.
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Figure 24 : Battery state of charge
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3.15 PV Sizing Scan and Peak-Shaving Indicators

The PV sizing scan evaluates several candidate PV capacities and computes the resulting
stress indicators. For each candidate size, the normalized PV factor is multiplied by the installed
PV capacity to obtain the forecast PV power. The residual gas-turbine power after PV is then
calculated by subtracting the PV contribution from the forecast load. The BESS dispatch is also
simulated for each candidate size, producing a second residual profile after both PV and BESS

support.

The method therefore evaluates two scenarios for each PV size: PV-only support and
PV+BESS support. The main performance indicators are the number of stress hours, the
overload energy above the stress threshold, the maximum residual gas-turbine power, the PV
energy, the BESS charge energy, the BESS discharge energy, and the minimum and maximum

SOC reached during the simulation.

The best PV size is selected by minimizing the remaining overload energy after PV+BESS,
then minimizing the remaining stress hours and the maximum residual power. This ranking is
more appropriate for the present problem than selecting PV size based only on total PV energy

because the central objective is to reduce high-load stress on the gas-turbine source.

In the reported case, the script identifies 10,000 to 30,000 kWp as the best PV size within
the scanned range. This value should be interpreted as a scenario result within the selected search
interval and assumptions, not as a final investment recommendation. A complete engineering
design would additionally require economic optimization, land availability, inverter sizing,

battery degradation analysis, and uncertainty analysis.
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Figure 25 : PV and BESS contribution to peak shaving
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PV Sizing Scan: Stress Hours After PV and PV + BESS
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Figure 26 : sizing scan: stress hours after PV and PV+BESS

3.16 Discussion of the Main Results

The results obtained from the UCSD dataset support the central idea of this dissertation that
forecasting can be used to identify future critical load periods, and these periods can guide the
sizing and operation of PV and BESS resources for peak shaving. The historical load curve
demonstrates that high-demand periods are not isolated random anomalies but follow
identifiable daily and seasonal structures. This confirms that peak detection and forecasting are

useful tools for preparing energy resources before critical operating conditions occur.

The hourly forecasting model reproduces the measured test profile with close agreement,
which makes it suitable for generating a short-term operating scenario. The future forecast then
converts the learned load structure into expected peak intervals that can be used for operational
assessment. This is important because the proposed method does not use forecasting as a

separate prediction exercise, but as an input for peak-shaving decision-making.

The PV and BESS results show that renewable support is most useful when it is interpreted
through the residual gas-turbine burden rather than only through generated energy. PV reduces
daytime load, while BESS extends the usefulness of PV by shifting part of the stored energy to
no-light or low-PV periods. The SOC curve confirms that the storage system is actively charged
and discharged across the forecast horizon. The PV sizing scan further shows that the combined

PV+BESS scenario reduces stress hours more effectively than PV alone.

The results should nevertheless be interpreted according to the nature of the dataset. The

UCSD microgrid is a grid-connected campus microgrid, while the dissertation problem concerns
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gas-turbine stress reduction in a standalone or weak-grid context. For this reason, the dataset is
used as a realistic experimental case rather than as a direct isolated-site measurement because
the unavailability of data. The gas-turbine stress threshold is also a modeling parameter, and the
proposed PV size is a scenario output. These assumptions do not invalidate the method; instead,

they clearly define the scope of the numerical experiment.

3.17 Limitations and Assumptions

Several limitations must be clearly stated. First, the UCSD dataset represents a real advanced
campus microgrid, but it is not a purely standalone microgrid. Therefore, the methodology uses
the dataset as a realistic proxy for microgrid demand and resource behavior. Second, the gas-
turbine stress threshold is defined as a fraction of an assumed rated capacity and is not calibrated
using manufacturer maintenance data. Third, the PV sizing scan is bounded by the user-defined
minimum, maximum, and step size; therefore, the selected PV capacity is optimal only within

the explored range.

Fourth, the BESS dispatch strategy is rule-based and does not yet include economic dispatch,
battery aging cost, degradation modeling, or model predictive optimization. Fifth, the forecast
results depend on the selected features, the selected model, and the quality of the historical data.
Finally, uncertainty in load and renewable forecasts is not explicitly propagated through the

sizing decision.

Despite these limitations, the methodology is appropriate because it creates a complete
framework that can solve the proposed problem. It uses a real open-source dataset, applies
transparent preprocessing, trains forecasting models, identifies future critical intervals,
simulates PV and BESS support, and evaluates stress-oriented indicators. This makes the
chapter consistent with the research gap identified in Chapter 2, where forecasting, renewable
contribution, and gas-turbine peak-stress reduction were presented as elements that should be

linked in one framework.

3.18 Conclusion

This chapter presented a forecasting-based PV-BESS peak-shaving methodology using the
UCSD open-source microgrid dataset as the experimental basis. Since the dataset does not
provide a separate measured gas-turbine power signal, the total campus load was used as the

equivalent gas-turbine burden in a standalone or weak-grid scenario. This assumption allowed
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the study to evaluate gas-turbine stress reduction while maintaining a clear methodological

interpretation.

The preprocessing stage converted the measurements into a regular hourly time series and
preserved the kW, kWh, and kWp unit structure of the original data. Historical peak detection
showed the temporal organization of high-load intervals, while the hourly and daily forecasting
models provided both operational and strategic views of future demand. The PV representation
was adapted to the available PV source data, and a BESS dispatch strategy was added to support
low-PV and no-PV periods. Finally, the PV sizing scan demonstrated how forecasted peaks can
be translated into stress-hour and overload-energy indicators for gas-turbine peak-shaving
analysis. The chapter therefore provides a dataset-consistent and source-appropriate
methodology for connecting power forecasting, PV integration, BESS operation, and gas-

turbine stress reduction.
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General Conclusion

This thesis addressed the challenge of peak demand management in standalone hybrid
microgrids, with particular emphasis on reducing the operational stress experienced by gas
turbines. The study began by presenting the fundamental concepts of electrical power systems,
microgrids, and standalone hybrid configurations, highlighting their importance in supplying
reliable electricity to isolated regions. The main components of these systems, including gas
turbines, photovoltaic power plants, energy storage technologies, and energy management
systems, were discussed to provide a comprehensive understanding of their operation. Particular
attention was given to gas turbines because of their crucial role in ensuring power reliability and
system stability. However, their operation during high-demand periods can lead to increased
fuel consumption, higher operating costs, and accelerated equipment aging. These
considerations demonstrate the importance of developing effective strategies capable of

improving system efficiency while maintaining a reliable power supply.

The work then focused on peak demand challenges and forecasting-based mitigation
strategies. A forecasting framework was developed using historical power generation data to
predict future demand and identify potential peak-load periods. The forecast results were
subsequently used to evaluate the contribution of photovoltaic generation as a peak-shaving
resource capable of reducing the load imposed on the gas turbine during critical operating
conditions. The obtained results showed that integrating forecasting with photovoltaic
generation can significantly reduce peak stress periods, increase renewable energy utilization,
and support more economical microgrid operation. Therefore, the proposed approach represents
a practical and effective solution for enhancing the performance of standalone hybrid microgrids
while contributing to fuel savings and improved operational sustainability. Future research may
extend this work through the integration of battery energy storage systems, advanced machine
learning forecasting techniques, and real-time optimization algorithms to further improve

system reliability and energy management capabilities.
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