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This thesis presents an optimization framework for scheduling in multi-energy 

systems connected to the electrical grid. The system integrates wind and solar 

renewable energy sources, conventional electricity generation, and hydrogen storage 

technologies. It is capable of converting electricity and natural gas into both electricity 

and heat, enhancing flexibility with renewable energy and hydrogen storage. The 

proposed approach aims to maximize the utilization of surplus wind and solar energy 

while optimizing hydrogen storage to improve the overall efficiency of the energy 

system. The optimization framework combines Linear Programming (LP) and Particle 

Swarm Optimization (PSO) to minimize Total Operating Costs (TOC), Total Carbon 

Emissions (TCE), and the Electricity Peak from the Grid (EP), under Time-of-Use (TOU) 

and Real-Time Pricing (RTP) scheme. Furthermore, a Fuzzy Multi-Objective Optimization 

(FMOO) approach is employed to balance cost, environmental sustainability, and peak 

load management. Monte Carlo Simulation (MCS) is incorporated to address the 

uncertainty of renewable energy and demand fluctuations, adding a probabilistic 

dimension to the optimization process. 

Simulation results indicate that single-objective optimization is effective in 

reducing either costs, carbon emissions, or peak grid electricity demand when 

optimized individually. The analysis of multi-energy coordination reveals that full 

integration leads to greater reductions in operating costs, highlighting the benefits of 

multi-source energy integration. In contrast, multi-objective optimization provides a 

balanced trade-off among conflicting objectives, resulting in feasible and practical 
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CHAPTER I 

INTRODUCTION

 
1.1 General Introduction 

The increasing global demand for clean and sustainable energy solutions has 

propelled significant interest in the multi-energy system (MES). MES integrates various 

energy carriers, such as electricity, heat, and gas, to optimize the production, 

conversion, storage, and consumption of energy across sectors. These systems 

represent a process shift from infrastructure single-source energy models by 

incorporating flexibility, efficiency, and sustainability. One of the key factors propelling 

MES forward is the high penetration of renewable energy (RE), such as wind and solar 

power, which significantly contributes to reducing greenhouse gas emissions and 

mitigating climate change impacts. However, the inherent variability and intermittent 

RE sources present challenges in ensuring grid reliability and stability. Thus, energy 

storage, which stores energy for later use, when necessary, is a common approach 

aimed at efficiently mitigating the volatility of RE sources. Moreover, Thailand's power 

development plans (PDP) of 2018 and the 2024 draft hearing, referred to as PDP2018 

and PDP2024-hearing, respectively, outline the country's strategies for transitioning to 

a more sustainable energy mix by increasing the share of renewable energy and 

reducing dependence on fossil fuels (Ministry of Energy, 2019). A key challenge in 

achieving this transition is the intermittency of RE sources. To address this issue, energy 

storage solutions, such as hydrogen storage (HS), are essential for ensuring a reliable 

energy supply and able to energy arbitrage. This study aligns with the objectives of 

PDP2018 and PDP2024-hearing by proposing an optimal scheduling framework for MES 

that integrates HS with RE sources, thereby improving energy efficiency, reducing 

carbon emissions, and supporting Thailand’s long-term sustainability goals. 
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1.2 Problem Statement 
According to PDP2018 to PDP2024-hearing, it has mentioned minimizing carbon 

dioxide emissions from electricity generation by increasing the proportion of electricity 

generation from RE and reducing the proportion of electricity generation from coal-

fired power plants. The Alternative Energy Development Plan (AEDP) for 2018 and 2024 

draft hearing, referred to as AEDP2018 and AEDP2024-hearing, respectively, emphasizes 

the necessity of developing alternative energy sources to minimize dependence on 

fossil fuels, enhance energy security, and reduce environmental impacts (Ministry of 

Energy, 2020). The primary goals of AEDP2018 to 2024-hearing are to increase the share 

of RE in the overall energy mix, enhance energy efficiency, and promote sustainable 

energy practices. Additionally, it aims to support technological advancements and 

foster innovation in RE sectors. 

Energy from renewable sources is currently encountering a major obstacle due 

to its variability. The intermittent nature of these resources presents a significant 

limitation, due to the inability of many to provide a consistent energy supply. For 

example, wind power is subject to changes in wind speed and solar power generation 

fluctuates due to variations in solar irradiance, which leads to fluctuations in electricity 

generation (Shatnawi et al., 2018). HS is a new trend for energy storage. This solution 

will solve the challenges of RE, that face intermittent nature. Consequently, integrating 

HS into the system has generated significant interest in this research topic. In power 

systems, HS can be utilized to minimize daily energy loss by implementing a scheduling 

strategy based on peak shaving (Dechjinda & Chayakulkheeree, 2024). However, the 

efficiency of HS is quite lower than battery storage. To enhance efficiency, many 

researchers employ the energy hub (EH) model. This model is designed to optimize 

the supply of energy across various sectors by integrating multiple types of energy 

sources. The goal is to coordinate these sources effectively to reduce operational costs 

and advance carbon neutrality. The EH infrastructure was initially introduced by Geidl 

et al. (2007), with the fundamental concept of an energy hub. This concept aims to 

achieve the primary objectives for industrial, commercial, and residential consumers 
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by focusing on minimizing total operating costs (TOC) and reducing electricity peak 

from the grid (EP). Additionally, minimizing total carbon emissions (TCE) has become a 

critical concern in the modern era, driven by the global push toward sustainability and 

reducing environmental impacts. The implementation of EH facilitates a more 

coordinated cost-effective and carbon neutrality approach to energy management, 

addressing the diverse needs of different sectors while promoting sustainability (Zidan 

& Gabbar, 2016). In this thesis, recognize the challenges of optimal scheduling of multi-

energy systems with wind-solar power and hydrogen storage (OMES-WSPHS) to 

minimize TOC, TCE, and EP when considering multiple energy sources such as 

electricity and natural gas (NG). The proposed method is expected to be highly 

beneficial in helping achieve the main objectives of minimizing costs, emissions, and 

electricity peak from the grid, while also enhancing the overall performance of MES 

that integrate renewable and conventional energy sources. This work contributes to 

the growing body of research focused on creating more sustainable and efficient energy 

systems in the face of increasing environmental concerns and the global transition 

toward low-carbon energy solutions. 

 

1.3 Research Objectives 
The main objective of this research is to explore how integrating HS can help 

achieve optimal solutions in different scenarios. It employs particle swarm optimization 

(PSO) for daily HS scheduling and linear programming (LP) for hourly electricity and NG 

operations. To enhance efficiency, a hybrid PSO-LP approach is proposed for optimal 

MES-WSPHS scheduling. For multi-objective solutions, fuzzy multi-objective 

optimization (FMOO) is used to balance TOC, TCE, and EP, while Monte Carlo 

Simulation (MCS) handles probabilistic scheduling uncertainties.  

The specific main objectives are 

1) To analyze the optimal operation of MES-WSPHS. 

2) To minimize TOC, TCE, and EP in MES-WSPHS. 
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3) To apply FMOO for trading-offs among the solution of TOC, TCE, and 

EP. 

4) To analyze the stochastic model while considering the uncertainty of 

the multi-energy load and RE profile, using MCS. 

 

1.4 Scope and Limitation 
The scope and limitations of this thesis are outlined as follows: 

1.4.1 Optimization parameter validation and performance analysis between 

PSO and PSO-LP for MES-WSPHS integration is proposed. The objective is to validate 

the PSO parameters and select the optimal ones for solving the daily scheduling 

problem. The data acquisition process and assumptions are also presented. 

Additionally, a comparison between the PSO and PSO-LP algorithms is conducted. For 

a fair comparison, the same PSO parameters are used in both algorithms. 

1.4.2 Optimal scheduling of MES-WSPHS integration is conducted under TOC 

minimization using scenario-based case analysis. Each scenario evaluates the impact 

of HS or the cooperation between electricity and NG on the system's performance, 

leading to improved economic operation. 

1.4.3 The multi-objective optimization using fuzzy is proposed in this study that 

aims to achieve a balanced solution among multiple conflicting objectives. This 

approach is employed to handle the trade-offs among the solution of TOC, TCE, and 

EP and ensures that the final scheduling solution reflects a fair compromise, addressing 

the priorities of TOC, TCE, and EP reduction effectively. 

1.4.4 The uncertainties in load demand due to user behavior and renewable 

energy generation fluctuations caused by weather conditions are considered in this 

study. These uncertainties can impact the scheduling performance, leading to 

variations in system operations. The study incorporates scenario-based and 

probabilistic analysis by using MCS to address these variations, ensuring the robustness 

of the proposed scheduling approach. 
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Formulation of the satisfaction membership function 

for fuzzy objective functions

Minimizing total 

operating costs (TOC)

Minimizing total 
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(TCE)
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Using conventional PSO 

to determine an individual 

objective solution

Performance comparison: 

PSO vs PSO-LP

Using fuzzy multi-objective optimization (FMOO) 
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CHAPTER 3

CHAPTER 4

CHAPTER 5
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CHAPTER 2
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Application 
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Optimal Scheduling 

MES using EH 

under Individual 

Objective

Optimal Scheduling 

MES using EH 
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Using PSO-LP to 

determine an individual 

objective solution

Using PSO-LP to 
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objective solution

Uncertainty modeling for load and wind-solar profile 

Using Monte Carlo simulation (MCS) for evaluate stochastic scenario 

Probabilistic model 

for Optimal 

Scheduling MES 

using EH

 
Figure 1.1 Framework of thesis 

 

The limitations of this work are neglect of both the natural gas flow 

computation and the power flow analysis in the bulk system. The energy management 

framework presented primarily focuses on the end-use level, targeting energy 

consumers such as residential and industrial loads, rather than large-scale, system-

wide operations. 

 

1.5 Conception 
The overall idea of this thesis is to solve the problem of energy management 

strategy to minimize TOC, TCE, and EP. This concept considers the load profile as a 
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typical summer day in the northeastern region of Thailand. The wind and solar profile 

are derived from data collected on a summer day in Pakchong, Thailand, with the wind 

turbines (WTs) and photovoltaic panels (PVPs), respectively. However, the probabilistic 

model is proposed for evaluating the fluctuation conditions by using MCS and 

represents the results through a probability density function (PDF).  The objective 

needs to handle constraints such as device limitations and power balance. This study 

is conducted using MATLAB, where the TOC, TCE and EP are simulated using a hybrid 

of PSO-LP. The optimization integrates hourly scheduling for multi-energy dispatch and 

daily scheduling for HS to determine the optimal scheduling solution. This study 

focuses on integrating green hydrogen into the system to mitigate RE curtailment when 

WTs and PVPs generate excessive power while ensuring optimal operation across 

energy sectors. Finally, a multi-objective approach is considered, employing FMOO to 

find the optimal balance among TOC, TCE, and EP. 

 

1.6 Research Benefits 
Technological advancements now enable better coordination of multiple 

energy sources. This research, aligned with the PDP2018 to PDP2024 plan, focuses on 

integrating HS with wind-solar power and coordinating electricity and NG systems. By 

optimizing scheduling and enhancing algorithms to address scheduling challenges, this 

proposed procedure advances the energy scheduling problem in the field of MES-

based EH research. Ultimately, this work contributes to sustainable energy solutions 

for the future. 

 

1.7 Thesis Outline 
The rest of the thesis is organized as follows: Chapter 2 presents a literature 

review covering key aspects of HS applications, optimal scheduling of MES using EH 

under both individual and multi-objective frameworks, and the probabilistic modeling 

approach for optimal MES scheduling. Chapter 3 details the validation of the PSO 

algorithm and compares PSO-LP with PSO for optimizing scheduling. The focus is on 
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minimizing TOC under the pricing mechanism while analyzing the impact of HS 

integration and the cooperation between electricity and NG on system performance. 

Chapter 4 presents the FMOO techniques for determining the optimal scheduling by 

balancing all objective functions simultaneously. The results aim to achieve a 

compromise among the three discussed objectives. Chapter 5 presents uncertainty 

modeling and stochastic analysis for optimal scheduling of MES-WSPHS integration. It 

addresses the impact of load and renewable energy fluctuations using probabilistic 

modeling and MCS to enhance the robustness of the scheduling strategy. Finally, 

Chapter 6 provides a comprehensive summary of the key findings, highlighting the most 

significant insights drawn from the analysis. 

 

1.8 Chapter Summary 
Chapter 1 introduces research on optimizing MES-WSPHS integration to address 

the challenges arising from the variability of RE. The study is contextualized within the 

national energy development plans, particularly from PDP2018 to PDP2024, 

highlighting its relevance to sustainable and resilient energy solutions. The chapter 

outlines the problem statement, defines the scope and limitations, and clarifies the 

main objectives and expected benefits of the research. Additionally, it provides an 

overview of the thesis structure, explaining the organization of content and analysis 

across the subsequent chapters.

 



 

CHAPTER II 

LITERATURE REVIEW 

 
2.1 General Introduction 
 The integration of HS and high penetration RE into MES with EH has gained 

significant attention due to the demand for sustainable and efficient energy systems. 

EHs coordinate multiple energy carriers such as electricity, heat, and fuel with RE to 

improve overall system efficiency. The directionality and variability of RE are key factors 

for effective HS integration in both current and future applications. As MES grows in 

complexity, energy scheduling plays a vital role in optimizing RE and HS operations. 

Effective energy scheduling is critical not only for balancing supply and demand in 

real-time, but also for achieving objective function optimization. This literature review 

examines the current state of research on HS integration, EH models, and optimal MES 

scheduling, highlighting technological advancements, benefits, challenges, and case 

studies that demonstrate how HS improves MES performance and sustainability. 

 

2.2 Conventional Electrical Energy Scheduling Problems 
 According to Power Generation, Operation, and Control (Wood et al., 2013), 

energy scheduling plays a crucial role in managing the generation and consumption of 

energy across various sources, aiming to optimize the objective function. In the past, 

hydroelectric systems involved the complex task of scheduling water releases while 

satisfying hydraulic and energy demand constraints. When thermal generation was not 

present, the challenge centered on reservoir management to maximize stored energy 

through simulation-based scheduling. However, in hydrothermal systems where both 

hydro and thermal resources are present, the scheduling strategy depended on the  
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dominance and balance of each source. Pseudo-fuel costs could be assigned to hydro 

units to facilitate cost-based optimization similar to conventional systems. A key aspect 

of traditional scheduling involves determining when to start up each generating unit, 

known as unit commitment, and how much power each unit should produce at a given 

time, known as economic dispatch. These problems were typically solved over a 

defined planning horizon, such as daily, weekly, or seasonally, to achieve minimum 

operating cost while maintaining system reliability. 

As energy systems have evolved, the concept of optimal scheduling has 

expanded beyond hydrothermal coordination into more complex MES. MES involves 

the integration of multiple energy carriers which requires coordinated scheduling across 

these interdependent subsystems. The focus of MES scheduling shifts toward 

optimizing several objectives at once, while managing the dynamic interactions among 

the system components. In this context, the principles of hydrothermal scheduling 

provide a foundational basis. However, the increasing complexity of MES necessitates 

the adoption of more advanced methods, including multi-objective optimization 

techniques, the integration of RE resources, the use of modern energy storage 

technologies, and probabilistic approaches for planning under uncertainty. 

 

2.3 Trend in Renewable Energy Integration with Hydrogen Storage 
 In the era of clean energy transition, the integration of RE sources with HS 

systems has emerged as a promising strategy to address the intermittency of RE and 

enhance energy system flexibility. Among various RE options, solar and wind energy 

are particularly well-suited for coupling with HS due to their decreasing costs and 

technological maturity. In Thailand, the cost of electricity generation from solar energy 

has significantly dropped, averaging around 2.16 baht/kWh, while wind energy costs 

average approximately 3.10 baht/kWh. These competitive price points make both solar 

and wind energy attractive candidates for integration with HS systems. By storing excess 

energy during periods of high generation and releasing it during low-output periods, HS 

not only offsets the variability of these sources but also contributes to grid stability 
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and the decarbonization. This synergy supports Thailand’s broader commitment to a 

sustainable and low-carbon energy future (Energy Policy and Planning Office, 2023). 

Additionally, wind and solar technologies have seen substantial technological 

advancements, resulting in greater efficiency and reduced costs. Their scalability and 

adaptability across diverse geographic regions further increase their practicality for 

widespread HS integration (D’Silva, 2024). Continued improvements in electrolyzer (EL) 

technologies and energy storage systems (ESS) also enhance the technical and 

economic viability of using wind and solar energy for hydrogen production (Ikuerowo 

et al., 2024). 

 

2.4 Literature Overview 
 This section explores key research areas, including HS application overview, 

optimal scheduling of MES using EH models under individual objective, and optimal 

scheduling of MES using EH models under multi-objective. Table 2.1 outlines the HS 

application overview from existing literature, while Table 2.2 presents studies that 

address optimal scheduling of MES using EH models focusing on individual objectives. 

Table 2.3 highlights studies focusing on the optimal scheduling of MES using EH models 

under multi-objective. Additionally, Table 2.4 elaborates the probabilistic model for 

optimal scheduling MES using EH. Finally, Table 2.5 shows the research gap between 

the existing and this study. This review identifies research gaps and suggests future 

study directions. 
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Table 2.1 HS application overview 

Author and 

publication 

year 

Topic Key findings 

Cau et al. 

(2014) 

Energy management 

strategy based on short-

term generation 

scheduling for a 

renewable microgrid 

using a hydrogen storage 

system 

The demonstration of modeling a 

hydrogen storage system, which 

operates via electrolyzer and fuel cell 

with Faraday’s law.  The relationship 

between the hydrogen pressure in the 

tank and the amount  o f  s to red 

hydrogen is based on the ideal gas 

law.  

Qadrdan et al. 

(2015) 

Role of power-to-gas in 

an integrated gas and 

electricity system in 

Great Britain 

These findings demonstrate that 

power-to-gas systems can play a key 

role in balancing energy systems, 

integrating renewable sources, and 

reducing operational costs in real -

world systems. 

Ould 

Amrouche et 

al. (2016) 

Overview of energy 

storage in renewable 

energy systems. 

This review highl ights the use of 

existing energy storage technologies, 

including HS. HS involves the use of 

electrolyzers to convert surplus 

electricity into hydrogen, which can 

then be stored and later converted 

back into electricity through fuel cells. 
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Table 2.1 HS application overview (Continued) 

Author and 

publication 

year 

Topic Key findings 

X. Chen et al. 
(2019) 

Optimal Control for a 
Wind-Hydrogen-Fuel Cell 

Multi-Vector Energy 
System 

T h e  r e s e a r c h  s h o w s  h o w  t h e 
integrat ion of hydrogen storage 
enhances the stability of the energy 
s upp l y ,  c ompen s a t i n g  f o r  t h e 
intermittent nature of wind power. 
This approach, which coordinates 
multiple energy vectors, has the 
potential to improve the efficiency of 
RE systems in wind-rich areas and 
encourage broader  adopt ion of 
renewable technologies. 

Osman et al. 
(2022) 

Hydrogen production, 
storage, utilisation 
and environmental 
impacts: a review 

This review provides a hydrogen 
production is defined in various color 
c o d e s  d e p e n d i n g  o n  t h e 
manufacturing process and cleanliness. 
It can be categorized into five colors: 
grey, brown, blue, turquoise, and 
green hydrogen.   

Dash et al. 
(2023) 

A Brief Review of 
Hydrogen Production 
Methods and Their 

Challenges 

The review highlights the production 
of purple hydrogen, which is derived 
from nuclear energy. Nuclear fission 
generates heat, which is utilized to 
produce electricity and subsequently 
fuel hydrogen production. 
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Table 2.1 HS application overview (Continued) 

Author and 

publication year 
Topic Key findings 

Xiangping Chen 
et al. (2019) 

GA Optimization 
Method for a Multi-

Vector Energy System 
Incorporating Wind, 
Hydrogen, and Fuel 

Cells for Rural Village 
Applications 

Th i s  pape r  p re sents  a  gene t ic 
algorithm (GA)-based optimization 
method for a power generat ion 
system with hydrogen storage. The 
method balances fluctuating demand 
and in te rm i t ten t  w ind  power , 
optimizing RE use by converting wind 
energy into hydrogen and electricity. 

Dechjinda and 
Chayakulkheeree 

(2024) 

Optimal Daily 
Scheduling of Hybrid 

Wind-Hydrogen Storage 
using Particle Swarm 

Optimization 

This study proposes a power system 
that integrates HS and wind power to 
minimize daily power losses. The 
system's performance is evaluated 
us ing  a  PSO -based s chedul ing 
algorithm on a modified IEEE 33-bus 
test system. The results demonstrate 
that excess wind energy can be 
effectively utilized for peak shaving, 
reducing peak load and leading to 
more efficient loss minimization. 
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Table 2.2 Optimal scheduling of MES using EH under individual objectives 

Author 

and 

publication 

year 

Topic 
Objective 

function 
Method Key findings 

Geidl et al. 

(2007) 

The Energy 

Hub – A 

Powerful 

Concept for 

Future Energy 

Systems. 

- - 

The research introduces 

a concept of MES using 

an EH, where multiple 

energy carriers convert 

and store energy for 

various applications like 

e lect r i c i t y ,  heat ing , 

cooling, or compressed 

air. The main challenge 

is managing the multi-

energy flow to utility 

demand. 

Thanh-tung 

et al. 

(2016) 

Energy Hub 

Modeling for 

Minimal 

Energy Usage 

Cost in 

Residential 

Areas. 

Minimize 

the energy 

usage cost 

Mixed 

integer 

programming 

(MIP)-based 

general 

algebraic 

modeling 

system 

(GAMS) 

This work demonstrates 

M E S  u s i n g  t h e  E H 

mode l ,  i n t e g r a t i n g 

e l e c t r i c i t y  a n d  N G 

r e s o u r c e s  a n d 

addressing electricity, 

heating, and cooling 

load demands, resulting 

i n  s i g n i fi c a n t  c o s t 

reduction. 
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Table 2.2 Optimal scheduling of MES using EH under individual objectives (Continued) 

 

Author 

and 

publication 

year 

Topic 
Objective 

function 
Method Key findings 

Ha et al. 
(2017) 

Energy hub 
modeling to 

minimize 
residential energy 
costs considering 
solar energy and 

BESS. 

Minimize 
the 

residential 
energy 
costs 

Mixed 
integer 

programming 
(MIP)-based 

general 
algebraic 
modeling 
system 
(GAMS) 

This study integrates 
s o l a r  e ne r g y  a nd 
b a t t e r y  e n e r g y 
storage (BESS) with 
electricity and NG to 
mee t  e l e c t r i c i t y , 
heating, and cooling 
d e m a n d s .  F u l l 
integration of RE and 
BESS results in the 
lowest  res ident ial 
energy costs. 

Timothée 
et al. 
(2017) 

Optimum 

dispatch of a 

multi-storage and 

multi-energy hub 

with 

demand 
response and 
restricted grid 
interactions. 

Minimize 
the 

operating 
cost for a 

time 
horizon 

Evolutionary 
algorithm 

(EA) and PSO 

This study compares 
e v o l u t i o n a r y 
algorithms (EA) and 
PSO for optimizing a 
MES with grid, fuel, 
s o l a r ,  w i n d ,  a n d 
thermal demands. 
R e s u l t s  s h o w 
dispatch fluctuations, 
w h i c h  c a n  b e 
reduced by increasing 
b a t t e r y  s t o r a g e 
capacity. 
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Table 2.2 Optimal scheduling of MES using EH under individual objectives (Continued) 

Author 

and 

publication 

year 

Topic 
Objective 

function 
Method Key findings 

Zhang et 
al. (2017) 

Optimal Operation 

of Wind-Solar-

Hydrogen Storage 

System Based on 

Energy Hub. 

Maximize 
the total 

operational 
profits 

CPLEX 
Optimization 

This paper provides a 
model incorporating 
hyd rogen  ene r gy , 
electricity-gas heat 
loads, TOU scheme, 
a n d  d i s t r i b u t e d 
generation, achieving 
higher RE penetration 
a n d  p r o fi t a b i l i t y 
c o m p a r e d  t o 
traditional methods. 

Javadi et 
al. (2017) 

Optimal 
scheduling of a 

multi-carrier 
energy hub 

supplemented by 
battery energy 
storage systems 

Minimize 
the 

operating 
cost 

Mixed integer 
nonlinear 

programming 
(MINLP) 

This study highlights 
the cr i t ical  role of 
BESS integration in 
optimizing a MES with 
electr icity and NG, 
enhancing efficiency, 
reducing costs, and 
improv ing  s y s tem 
r e l i a b i l i t y  a c r o s s 
electricity, heating, 
and cooling demands. 
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Table 2.2 Optimal scheduling of MES using EH under individual objectives (Continued) 

Author 

and 

publication 

year 

Topic 
Objective 

function 
Method Key findings 

Geng and 
Jia (2020) 

Hybrid Genetic 

Particle Swarm 

Optimization 

Based Economical 

Operation of 

Energy Hub 

Minimize 
the daily 
electricity 
and NG 

purchasing 
cost 

Hybrid 
genetic 
particle 
swarm 

optimization               
(GA-PSO) 

This study proposes a 
h y b r i d  G A - P S O 
approach to optimize 
the operation of an 
EH model involving 
electricity, NG, and 
b o t h  h e a t  a n d 
electr icity storage. 
This enables efficient 
use of gas turbines, 
gas boilers, electric 
c h i l l e r s ,  a n d 
absorption chillers. 
The GA-PSO method 
improves optimizes 
E H  o p e r a t i o n s , 
leading to enhances 
e c o n o m i c 
pe r f o rmance  and 
system efficiency. 
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Table 2.2 Optimal scheduling of MES using EH under individual objectives (Continued) 

Author 

and 

publication 

year 

Topic 
Objective 

function 
Method Key findings 

Liu et al. 
(2021) 

Optimal 
Scheduling 
Considering 

Different Energy 
Hub Model of 

Integrated Energy 
System 

Minimize 
the 

operating 
costs 

LP 

This study evaluates 
th ree types  o f  EH 
mode l s  ba sed  on 
c a s e - s p e c i fi c 
scenarios, including 
power-to-gas (PtG) 
technology and ESS 
to meet electricity, 
heating, and cooling 
d e m a n d s  f r o m 
electr icity and NG. 
T h e  o p t i m a l 
configuration lowers 
e n e r g y  c o s t s  b y 
coupling electricity, 
g a s ,  a n d  h e a t 
n e t w o r k s ,  a n d 
optimizing equipment 
such as  combined 
heat and power CHP 
and heat pumps. 
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Table 2.2 Optimal scheduling of MES using EH under individual objectives (Continued) 

Author 

and 

publication 

year 

Topic 
Objective 

function 
Method Key findings 

Wang 
(2023) 

Optimal 
Scheduling 

Strategy for Multi-
Energy Microgrid 

Considering 
Integrated 
Demand 
Response 

Minimize 
operating 
expenses 

Mixed integer 
linear 

programming 
(MILP) 

The study investigates 
t h e  o p t i m a l 
scheduling of MES for 
m i c r o g r i d s  u s i n g 
e l e c t r i c i t y  a n d 
t h e r m a l  e n e r g y 
sources. Three energy 
dispatch schemes are 
tested, with the third 
i n c o r p o r a t i n g  a 
demand response 
strategy showing the 
best results. 
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Table 2.3 Optimal scheduling of MES using EH under multi-objective 

Author 

and 

publication 

year 

Topic 
Objective 

function 
Method Key findings 

Zidan and 

Gabbar 

(2016) 

Optimal 

Scheduling of 

Energy Hubs in 

Interconnected 

Multi Energy 

Systems 

Minimize 

operation 

costs and 

emissions 

Weight-sum 

multi-

objective 

optimization 

(WSMO) 

The paper presents 

a n  E H  m o d e l 

integrating CHP and 

g a s  f u r n a c e s  t o 

maintain steady-state 

e f fi c i e n c y , 

demonstrating that 

WSMO e f fec t i ve ly 

balances costs and 

emissions for optimal 

c o m p r o m i s e 

solutions. 

Ma et al. 

(2017) 

Improved Particle 

Swarm 

Optimization 

Algorithm to 

Multi-objective 

Optimization 

Energy Hub Model 

with P2G and 

Energy Storage 

Minimize 

the fuel 

cost of the 

EH and 

interaction 

cost with 

the main 

network 

Improved 

multi-

objective 

PSO 

(MOPSO) 

The paper proposes 

an improved MOPSO 

with a search variable 

in velocity updates, 

enhancing efficiency 

a n d  s e l e c t i n g 

c o m p r o m i s e 

solutions from the 

Pareto front. 
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Table 2.3 Optimal scheduling of MES using EH under multi-objective (Continued) 

Author 

and 

publication 

year 

Topic 
Objective 

function 
Method Key findings 

Kholardi et 
al. (2018) 

Optimal 
Management of 
Energy Hub with 

Considering 
Hydrogen 
Network 

Minimize the 
energy hub 
operating 
costs and 
emissions 

WSMO 

This study focuses on the 
h y d r o g e n  n e t w o r k 
management strategy . 
The  e l e c t r i c i t y -w ind 
power and NG dispatch 
t o  m e e t  v a r i o u s 
demands. It reveals that 
a weighting strategy of 
0.8 and 0.2 results in 
lower operating costs. 

Farah et al. 
(2020) 

Optimal 
Scheduling of 
Hybrid Multi-

Carrier System 
Feeding 

Electrical/Therm
al Load Based 

on Particle 
Swarm 

Algorithm 

Minimize the 
energy hub 
operating 
costs and 
emissions 

WSMO 

This paper  studies an 
integrated RE to assist the 
dispatch of electricity 
demand and wood chips 
t o  c o n v e r t  t o  h e a t 
demand via biomass. The 
c o m b i n a t i o n  o f  N G 
turbine, biomass unit, 
bo i l e r ,  a nd  RE  i s  a n 
optimized configuration 
for an EH, result ing in 
lower operational costs 
and reduced emissions. 

 



22 

Table 2.3 Optimal scheduling of MES using EH under multi-objective (Continued) 

Author 

and 

publication 

year 

Topic 
Objective 

function 
Method Key findings 

Mousavi et 
al. (2022) 

Multi-objective 

Scheduling of an 

Energy Hub in a 

Multi-energy 
System Using 

Genetic 
Algorithm 

Minimize 
the 

operating 
costs and 
emissions 

WSMO 

The study optimizes EH, 
i n c l ud i n g  CHP  and  ga s 
furnaces,  by us ing a 0.5 
weighting factor in emissions 
and pricing mechanisms. 
The results show CHP starts 
o p e r a t i n g  w h e n  h i g h 
demand is needed, resulting 
i n  l o w e r  c o s t s  a n d 
emissions. 

Imeni and 
Ghazizadeh 

(2023) 

Pave the Way 
for Hydrogen-
Ready Smart 

Energy Hubs in 
Deep 

Renewable 
Energy System 

Minimize 
the 

operating 
costs and 
emissions 

WSMO 

This work simulates three 
scenarios of EH model with 
HS integration, each with 
varying weights for operation 
costs and emissions. The 
results showed that using 
hydrogen as the primary 
energy carr ier improved 
performance, particularly in 
reducing pollution emissions 
while TOU tariffs further 
reduced operation costs. 
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Table 2.3 Optimal scheduling of MES using EH under multi-objective (Continued) 

Author 

and 

publication 

year 

Topic 
Objective 

function 
Method Key findings 

Imeni et al. 
(2023) 

Optimal scheduling 
of a Hydrogen-Based 

energy hub 
considering a 

stochastic Multi-
Attribute Decision-
Making approach 

Minimize 
operation 
costs and 
emissions 

S 
A 
U 
G 
M 
E 
C 
O 
N 

This research enhances 
m u l t i - o b j e c t i v e 
o p t i m i z a t i o n  b y 
integrating photovoltaic 
(PV) and BESS, achieving 
a  b e t t e r  t r a d e - o f f 
b e t w e e n  e c o n o m i c 
p e r f o r m a n c e  a n d 
environmental impact, 
effectively reducing costs 
and emissions. 

Hassan et 
al. (2023) 

Optimal Day-ahead 
Management of a 
Hydrogen-based 

Energy Hub 
Considering Different 

Electrolyzer 
Technologies 

Minimize 
operation 
costs and 
emissions 

WSMO 

This research optimizes 
E H  m a n a g e m e n t  b y 
minimizing day-ahead 
ope r a t i n g  co s t s  a nd 
emissions while meeting 
hydrogen, electricity, and 
heat demands. Using the 
WSMO method, results 
s h o w  h o w  d i f f e r e n t 
e lect ro lyze rs  impac t 
costs and emissions. 
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Table 2.3 Optimal scheduling of MES using EH under multi-objective (Continued) 

Author 

and 

publication 

year 

Topic 
Objective 

function 
Method Key findings 

Xu et al. 
(2024) 

A multi-objective 
operation 

optimization model 
for the electro-

thermal integrated 
energy systems 

considering power 
to gas and multi-

type demand 
response 

Minimize 
the 

operation 
costs, 
carbon 

emissions, 
and energy 
curtailment 

rate 

 MOPSO 
and 

VIKOR 

This study develops a 
m u l t i - o b j e c t i v e 
optimization model for 
e l e c t r o - t h e r m a l 
i n t e g r a t e d  e n e r g y 
s y s t e m s  u s i n g  P t G 
technology and demand 
response strategies. The 
r e s u l t s  s h o w  P t G 
technology significantly 
i m p r o v e s  s y s t e m 
performance, leading to 
significant reductions in 
costs, emissions, and 
energy curtailment rates. 
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Table 2.4 Probabilistic model for optimal scheduling MES using EH 

Author and 

publication 

year 

Topic 
Uncertainty 

variables 
Method Key findings 

Mohammadi 

et al. (2017) 

Optimal 

scheduling of 

energy hubs in 

the presence 

of uncertainty- 

A Review 

Demand / the 

price of 

energy / solar 

irradiance etc. 

MCS, fuzzy 

approach, 

robust 

optimization, 

and interval 

analysis 

T h i s  r e v i e w 
i l l u s t r a t e s  t h e 
recent  research 
about uncertainty 
methods for MES 
u s i n g  E H .  T h i s 
study reflects the 
u n c e r t a i n t y  o f 
m o d e l i n g , 
s t o c h a s t i c 
methods, hybrid 
techniques,  and 
demand response 
p r o g r a m s  t h a t 
i m p r o v e 
operational costs, 
system resilience, 
energy scheduling 
a c c u r a c y ,  a n d 
e c o n o m i c  a n d 
e n v i r o n m e n t a l 
benefits. 
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Table 2.4 Probabilistic model for optimal scheduling MES using EH (Continued) 

Author and 

publication 

year 

Topic 
Uncertainty 

variables 
Method Key findings 

Honarmand 
et al. (2021) 

A robust 
optimization 

framework for 
energy hub 
operation 

considering 
different time 
resolutions: A 

real case 
study 

Electrical, 
heat, and 
cooling 

demand / 
Photovoltaic 
(PV) output 

power 

Robust 
optimization 

(RO) 

This paper presents 
a n  op t im i z a t i on 
framework for real-
world energy supply 
management in an 
EH. I t  shows that 
u n c e r t a i n t i e s 
i n c r e a s e  t o t a l 
operation costs by 
6.41%, mainly due 
to additional energy 
procurement and 
system adjustments. 
However, including 
e n e r g y  s t o r a g e 
system (ESS) can 
r educe  co s t s  by 
0 . 8 7 % , 
demonstrating their 
e f f e c t i vene s s  i n 
improving system 
flexibility. 
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Table 2.4 Probabilistic model for optimal scheduling MES using EH (Continued) 

Author and 

publication 

year 

Topic 
Uncertainty 

variables 
Method Key findings 

Thang et al. 
(2022) 

Stochastic 
optimization 

in multi-
energy hub 

system 
operation 

considering 
solar energy 
resource and 

demand 
response 

Electrical, 
heat, and 
cooling 

demand / 
electrical 
prices / 

output power 
of RE 

A scenario 
reduction 
technique 

The study uses PDF 
to model uncertain 
parameters such as 
s o l a r  e n e r g y 
resources,  energy 
d e m a n d ,  a n d 
electricity prices. It 
uses clustering and 
scenario reduction 
t e c h n i q u e s  t o 
reduce uncertainties. 
I n c o r p o r a t i n g 
u n c e r t a i n t i e s 
improves  s y s tem 
r o b u s t n e s s  a n d 
r e d u c e s  t o t a l 
operational costs by 
2.0-14.5% compared 
t o  de t e rm i n i s t i c 
approaches. 
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Table 2.4 Probabilistic model for optimal scheduling MES using EH (Continued) 

Author and 

publication 

year 

Topic 
Uncertainty 

variables 
Method Key findings 

Ranjbarzade
h et al. 
(2022) 

A probabilistic 
model for 

minimization 
of solar 
energy 

operation 
costs as well 

as CO2 

emissions in a 
multi-carrier 

microgrid 
(MCMG) 

Cost of 
electricity / 
the load for 
AC electricity 
/ the power 

sourced from 
PVPs 

2m+1 point 
estimate 

This work models 
uncertainties in solar 
g e n e r a t i o n  a n d 
power prices using 
t h e  2 m + 1  p o i n t 
estimation method 
to minimize costs 
a n d  e m i s s i o n s . 
I n c o r p o r a t i n g 
uncertainty ra ises 
operat ional costs 
b u t  e n h a n c e s 
system resil ience, 
leading to adjusted 
e n e r g y  s t o r a g e 
s c h e d u l i n g  a n d 
demand response 
f o r  a  m o r e 
c o n s e r v a t i v e 
operation strategy. 
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2.5 HS Application Overview 
 In the modern era, ESS are widely utilized in electric power systems, particularly 

with the integration of high levels of RE penetration. The primary function of ESS is to 

enhance the flexibility of the electrical grid. Notably, ESS can efficiently mitigate power 

fluctuations caused by the variable nature of RE sources (Ould Amrouche et al., 2016). 

ESS are increasingly adopting HS technologies due to the clean energy production from 

RE sources and the ability to store energy in various forms. Ould Amrouche et al. (2016) 

highlighted the mechanisms of HS, categorizing it into gaseous, liquid, and chemical 

forms. In HS operations, RE can be converted into hydrogen gas through an EL. When 

excess energy is generated, it can be stored as hydrogen or later converted back to 

electricity via a fuel cell (FC). Additionally, hydrogen production is mentioned in Osman 

et al. (2022) research. They are defined in various color codes depending on the 

manufacturing process and cleanliness. It can be categorized into five colors: grey, 

brown, blue, turquoise, and green hydrogen. Grey hydrogen is produced from fossil 

fuels such as NG through steam reforming, emitting around 10 tons of CO2 during the 

process. It’s commonly used in petroleum-based chemicals and ammonia production. 

Brown hydrogen, derived from coal gasification, also releases significant CO2. Blue 

hydrogen mitigates these emissions by employing carbon capture and storage. 

Turquoise hydrogen, generated via methane pyrolysis, produces solid carbon soot 

instead of CO2. Green hydrogen, the cleanest form of hydrogen, is produced from RE 

sources like wind and solar, offering significant environmental benefits without 

greenhouse gas emissions. However, its production faces challenges related to system 

efficiency and the intermittent nature of RE sources. Integrating HS can mitigate these 

issues by storing excess energy during peak production, ensuring a stable hydrogen 

supply during low-generation periods. HS also enhances the efficiency of RE systems 

by capturing surplus energy that would otherwise be wasted, converting it into 

hydrogen for various applications. Then, Dash et al. (2023) proposed the production of 

purple hydrogen, which is derived from nuclear energy. By utilizing the high 

temperatures generated from uranium fission, nuclear power plants can produce 
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steam that drives turbines for electricity generation without direct greenhouse gas 

emissions. This thermal energy can also support various hydrogen production methods, 

making purple hydrogen a promising option for sustainable energy transition. Different 

types of hydrogen production are displayed in Fig. 2.1 (Dash et al., 2023; Osman et al., 

2022). 

 

Gasification process

Reforming process

Turquoise H2

Brown H2

Blue H2

Grey H2

Green H2

Electrolyzer

Solid 

Carbon H2

H2

H2

H2

H2 Purple H2

CO2

CO2

CO2 Capture  

CO2 Capture  

 
Figure 2.1 Different types of hydrogen production 

 

In applying HS in an electricity system, Cau et al. (2014) proposed the 

scheduling for a renewable microgrid using a HS system. With HS integration, the model 

of HS utilizes Faraday’s law to determine the molar flow and can convert back to 

power. The hydrogen pressure in the tank can be modeled based on the ideal gas law. 

To identify the amount of hydrogen in the tank, the pressure in the tank plays a role 

in telling how much hydrogen is left. In the following year, the work of Qadrdan et al. 
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(2015) proposed a power-to-gas (PtG) concept, which is converting electricity to 

hydrogen using an electrolysis process. The model of Great Britain assessed the HS 

within an integrated gas and electricity system. According to the findings, generating 

hydrogen from electricity can lower wind curtailment in high wind scenarios and lower 

the total cost of running the Great Britain gas and electricity network. After that, X. 

Chen et al. (2019) and Xiangping Chen et al. (2019) studied a power generation system 

incorporating HS and wind energy, initially wind energy is converted into electrical 

energy, with a portion of this electricity used for water electrolysis to produce hydrogen 

for energy storage. This hydrogen can then be converted back into electricity using FC 

during peak electrical demand. An analytical model has been developed to coordinate 

energy conversion among mechanical, electrical, and chemical forms. The proposed 

system is designed to meet the electrical needs of a rural village in the UK, helping to 

balance intermittent RE supplies with fluctuating demand and improving overall 

system efficiency. A genetic algorithm (GA) is employed as the optimization strategy to 

determine the operational scheme for this multi-vector energy system. Four case 

studies are conducted using real-world measurement data. The novelty of this study 

lies in its GA-based optimization methods aimed at maximizing wind energy utilization. 

In recent years, Dechjinda and Chayakulkheeree (2024) introduced a modified IEEE-33 

bus test system, a distribution power system that incorporates hybrid wind and HS 

integration using load and wind profiles specific to Thailand. The primary objective of 

this research is to minimize daily energy loss through optimal daily scheduling based 

on PSO. The study is divided into two cases: the conventional IEEE-33 bus test system 

and the modified version. A comparison of the two systems reveals that the modified 

IEEE-33 bus test system, with its hybrid wind-HS integration, effectively reduces daily 

energy losses through the proposed approach. 

 

2.6 Optimal Scheduling MES using EH under Individual Objectives 
 Recently, with modern technology, the incorporation of several different 

energy systems that are composed of many energy carriers is paving the way for a 
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more sustainable future (Imeni et al., 2023). One of the most significant characteristics 

of MES is that it has multiple energy carriers, not only electricity. Synergies among 

different types of energy are seen to provide a substantial capability for system 

development (Geidl et al., 2007). The MES is the solution to decrease the operating 

cost and promote carbon neutrality. EH concept is used to consider efficiently 

supplying energy in each section using many kinds of energy. Geidl et al. (2007) 

demonstrated the EH is a system where multiple energy carriers, such as electricity 

and NG, are converted, conditioned, and stored to provide services like electricity, 

heating, cooling, or compressed air. It acts as an interface between various energy 

infrastructures and consumer loads. EH utilizes technologies like combined heat and 

power (CHP), transformers, and heat exchangers. Examples of EHs include industrial 

plants, large buildings, urban districts, and island energy systems. Figure 2.2 shows an 

example of an energy hub and outlines this modeling concept. A coupling matrix 

represents the conversion of power from input to output in an energy hub, based on 

the converter's structure and efficiency. Storage devices require time and energy as 

key variables. Different flow models, ranging from general to detailed, can be used for 

hydraulic and electric networks, depending on the level of analysis. Interconnectors 

can also be modeled like energy hubs, using coupling matrices to describe energy flow. 

However, this work does not optimize objective function rather, it is a discovery and 

raises questions about EH design, operation, energy storage, and impact on the system. 

.
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Figure 2.2 The example of an energy hub and outlines this modeling concept 
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 Thanh-tung et al. (2016) proposed a model of residential area load including 

electricity and heat from dispatching a multi-energy source (electricity and NG). Using 

mixed integer programming (MIP) based-general algebraic modeling system (GAMS) 

software to minimize the energy usage cost. The optimal results show that off-peak 

energy demand is primarily supplied by the grid, while normal and peak-hour demand 

is partially met by converting heat energy to electricity, reducing system peaks, and 

lowering customer costs. The integration of multiple energy types improves electricity 

supply reliability. In the next year, Ha et al. (2017) presented an integrating battery 

energy storage systems (BESS), photovoltaic panels (PVP), and solar energy to 

residential areas model. The case study is divided into four scenarios, each comprising 

variations such as with or without BESS and PV systems. The energy usage cost 

minimization using MIP-GAMS illustrates that the result in each case is decreasing. When 

PV and BESS are integrated, the total energy costs are lowest. Also, Zhang et al. (2017) 

delve into a model that takes into account hydrogen energy, electricity-gas heat load, 

time-of-use electricity pricing, and distributed generation. They also employ 

electrolytic bath, FC, and energy storage technologies to provide a multi-energy joint 

optimization model based on an energy hub. The objective function is maximizing the 

total operational profits through adjusting the distribution coefficient of energy 

conversion in the scheduling period. CPLEX optimization is used to obtain optimal 

solutions. The outcome demonstrates that the suggested model outperforms the 

conventional operating mode without using hydrogen in terms of RE penetration and 

profitability. Furthermore, Javadi et al. (2017) focused on  BESS integration to enhance 

the operational efficiency of a multi-carrier EH through optimal scheduling. The EH 

consists of various components, including micro-combined heat (mCHP), electric heat 

pumps (EHP), boilers, absorption chillers, and battery storage with the energy 

management problem modeled using mixed-integer nonlinear programming (MINLP). 

The optimization aims to reduce costs and improve battery life by considering energy 

prices and battery state of charge. Simulation results highlight the importance of 

optimizing energy storage, leading to lower operational costs, better load 
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management, and improved system reliability. Moreover, Timothée et al. (2017) 

investigated the optimal dispatch of a multi-storage and multi-energy hub, integrating 

solar PV panels, WTs, boilers, internal combustion generators (ICG), and cogeneration 

plants, alongside both heat and electricity storage systems. The study employed an 

evolutionary algorithm (EA) for optimization and compared the results with PSO. 

Results highlighted the volatility in dispatch strategies, which could be mitigated by 

increasing battery storage capacity. The results indicate that both the battery and ICG 

are utilized to meet peak power demand and export electricity to the grid when prices 

are elevated. In terms of heat demand, the boiler operates at full capacity, with the 

cogeneration plants unit contributing a smaller portion of the heat supply compared 

to the boiler. The research emphasizes the importance of optimizing energy hubs to 

manage demand, renewable variability, and grid interactions, ensuring cost-effective 

and efficient energy distribution. In the next three years, Geng and Jia (2020) proposed 

a hybrid genetic algorithm and particle swarm optimization (GA-PSO) strategy, which 

combines PSO with GA to solve the optimal operation of EH. The EH model is 

comprised of electricity storage and heat storage coordinated with a gas turbine, gas 

boiler, electric chiller, and absorption chiller to dispatch electricity, heat, and cooling 

demand. When comparing a proposed algorithm GA-PSO with the conventional PSO, 

the results emphasize that GA-PSO significantly enhances convergence capability while 

also demonstrating a better economy in optimizing EH operations. In the next year, Liu 

et al. (2021) studied an EH model in different energy integrated. The study separated 

three kinds of EH cases to assess how different combinations of energy equipment. 

The components of EH include a boiler, cogeneration unit, chiller boiler, electric heat 

pump, and ESS to dispatch electricity, heat, and cooling demand from electricity and 

NG as a source. The optimization process aims to minimize the total operating cost of 

the energy system, ensuring efficient energy utilization and balancing between different 

energy sources. The result shows that the optimal EH configuration is the most 

collaborative of energy. It can significantly reduce energy costs by coupling electricity, 

gas, and heat networks while optimizing the use of equipment like CHPs and heat 
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pumps. In the previous year, Wang (2023) proposed the strategy of optimal scheduling 

for multi-energy microgrids that integrates electricity and thermal energy sources, 

considering demand response and ESS integration. Using a mixed-integer linear 

programming model solved by CPLEX, the study simulates the operation of a grid-

connected microgrid consisting of FC, WTs, solar panels, and thermal storage. Three 

different energy dispatch schemes are tested, with the third scheme incorporating 

demand responses showing the best results. This scheme not only reduces operational 

costs but also turns grid interactions into profit opportunities by smoothing energy 

demand and optimizing the use of RE and storage. The research demonstrates how 

integrating IDR can enhance system flexibility, lower costs, and promote sustainable 

energy use. 

 

2.7 Optimal Scheduling MES using EH under Multi-Objective 
 In the research that focuses on multi-objective, Zidan and Gabbar (2016) 

presented an EH scheduling during different seasons of the year to minimize the costs 

and CO2 emissions. The EH model proposed CHP and gas furnace as a steady state 

efficiency conversation, to coordinate with electricity to dispatch load. GA optimization 

is utilized for an individual objective function, including the costs and CO2 emissions 

considered. The study is separated into three main cases, which are scheduling EH in 

each objective only and scheduling EH with two objective functions. The result shows 

each case has a different schedule for the best individual solution. When using the 

WSMO technique to balance between two objectives, the compromise solution is 

found to be an intermediate result between the optimal solutions of each objective. 

Then, Ma et al. (2017) proposed the improved PSO to multi-objective optimize EH 

model. The model of this work focuses on PtG operation, to schedule in each 

component is obtained from optimize variable by PSO. The main goal of this operation 

is to minimize the fuel cost of EH and to minimize the cost of interaction with the 

main power grid. To find the optimal solution for the two objectives considered, the 

improved MOPSO is used for balancing the two objectives by selecting from the Pareto 
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front. The result focuses on the efficiency of improved MOPSO when compared with 

traditional MOPSO, the improved MOPSO has more optimization than MOPSO. 

Additionally, Kholardi et al. (2018) focus on the hydrogen network as one of the main 

networks that are connected to the EH. With the management strategy, the wind power 

from a WT is connected to electricity to dispatch several demands and NG is the power 

source to dispatch heat load and assist the electricity demand. Under the pricing 

mechanism, the operating costs are used to find the optimal managed energy in each 

sector. Also, the emissions factor is considered as the second objective. By MILP 

optimization, the two objectives are solved completely separately. The WSMO is the 

easiest to balance two objectives and is used to find the optimal solution between 

two objectives. This study is separated into three cases which define a different 

weighting coefficient for both objectives. In the third scenario, where the weighting 

coefficients are set to 0.8 and 0.2 respectively, the EH's management results in a lower 

operating cost compared to the other scenarios due to the defined weighting strategy. 

Furthermore, Farah et al. (2020) studied a traditional EH that integrated RE to assist the 

dispatch of electricity demand and wood chips to convert to heat demand via biomass 

generator. Each objective function consists of the energy hub operating cost and 

emissions. Utilizing PSO is an effort to solve individual objective functions and using 

WSMO to balance the optimal solution of two objectives. The case study of EH serves 

five local sites, including campus restaurants, an office building, 100 residential, a 

school campus, and a hotel with different scenarios such as with or without RE. The 

results indicate that the optimal configuration for the EH combines a natural gas 

turbine, biomass unit, boiler, and RE. This setup achieves both lower operational costs 

and reduced emissions. The carbon emissions in this model are primarily influenced 

by using biomass and RE. Moreover, Mousavi et al. (2022) proposed a GA algorithm 

that aims to solve the optimization problem in EH which includes CHP and gas furnaces 

to coordinate dispatch heat and electricity demand. The objective function consists of 

the operating cost and emissions. To assess the multi-objective problem in this work 

is utilized the simplest method is WSMO, the weighting factor is 0.5 in each objective. 
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Under the emissions factor and pricing mechanism, the result shows CHP starts 

operating when high demand is needed, resulting in lower costs and emissions. In the 

previous year, Imeni and Ghazizadeh (2023) explored how to optimally and efficiently 

manage a hydrogen-ready sustainable EH model that incorporates hydrogen. They 

framed the issue as a multi-objective optimization problem with two key objectives: 

minimizing the operating costs of the EH and reducing CO2 emissions. These objectives 

are combined using the WSMO method. The study examined three different scenarios 

(Case A, B, and C), each with varying weights assigned to operation costs and emissions. 

The findings indicated that using hydrogen as the primary energy carrier in a MES 

significantly improved performance, particularly in lowering pollution emissions. 

Additionally, the implementation of an integrated demand response program (IDRP), 

which uses time-of-use (TOU) tariffs to manage electrical and heat loads, further 

contributed to reducing the operation costs of the hydrogen-ready smart energy hub. 

However, the WSMO method still faces challenges in determining the optimal weights 

for each objective. Then, Imeni et al. (2023) extended their previous work by 

incorporating photovoltaic (PV) and BESS into the system and enhancing the solution 

efficiency of the multi-objective optimization problem by employing the Simple 

Augmented e-Constraint (SAUGMECON) method. Moreover, the HS is modeled using 

molar flow calculations, and the ideal gas law is applied to determine the hydrogen 

quantity in the storage tank, resulting in a more complex formulation. The result 

demonstrates that it is possible to find an optimal trade-off between these objectives, 

providing a range of solutions based on different weightings. This study significantly 

improves both economic performance (by reducing operational costs) and 

environmental impact (by minimizing emissions), while effectively handling the 

inherent in RE generation. Additionally, Hassan et al. (2023) presented the EH model, 

including  RE, grid interconnection, BESS, NG, CHP, furnace, and HS. The main study 

aims to examine to assess their impact on EH performance between two technologies 

of EL that as a component of HS include solid oxide (SOEC) and proton exchange 

membrane (PEM). the EH operation that serves hydrogen fuel-cell vehicles, battery 
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electric vehicles, and heat demands. MILP is used to optimize management problems 

which comprise minimizing the EH day-ahead operating cost and minimizing the 

emissions that are produced inside the EH while meeting the hydrogen, electricity, and 

heat demands. This study utilizes WSMO to balance between two objectives. The 

results indicate that SOEC EL has lower operating costs and emissions compared to 

PEM EL. However, SOEC consumes more NG to offset internal heat losses, while the 

PEM EL requires more electricity due to its lower efficiency. At present, Xu et al. (2024) 

proposed a multi-objective operation optimization model for electro-thermal 

integrated energy systems (IES) that incorporates PtG technology and demand 

response (DR) strategies. The model categorizes electro-thermal loads into various 

types, including fixed, reducible, transferable, translational, and heating loads, and 

establishes corresponding DR strategies. The optimization model aims to minimize 

total cost, carbon emissions, and energy curtailment rates. In a case study, after 500 

iterations, 20 non-dominated solutions are generated, with the best solution identified 

using the VIKOR approach. The optimal values achieved included total cost, carbon 

emissions, and energy curtailment rates, demonstrating that PtG technology 

significantly enhances system performance. This led to notable reductions in total 

costs, carbon emissions, and energy curtailment rates. Additionally, the 

implementation of DR strategies contributed to further improvements in each 

respective objective. 

 

2.8 Probabilistic model for optimal scheduling MES using EH 
 The uncertainties in EH optimization arise from various sources, including 

variable renewable generation (wind and solar), market fluctuations, consumer 

behavior, and environmental changes. Ignoring these uncertainties can lead to 

inaccurate scheduling, increased operational costs, and suboptimal decision-making. 

To address these challenges, different uncertainty modeling approaches have been 

explored. Mohammadi et al. (2017) reviewed the literature on methods for dealing 
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with uncertainty in the optimal scheduling of EH. Probabilistic methods rely on PDF to 

model uncertainties, with MCS being a widely used but computationally intensive 

technique. Alternatively, scenario-based stochastic optimization improves 

computational efficiency by reducing the number of uncertainty scenarios. Another 

approach involves fuzzy logic, this method enables more realistic energy scheduling 

by addressing vague or imprecise system parameters. In contrast, robust optimization 

(RO) provides different strategies for handling uncertainty. RO ensures optimal 

performance in worst-case scenarios by defining uncertainty sets, making it a 

conservative yet reliable approach. Honarmand et al. (2021) The study developed an 

optimization framework to address uncertainties in the operation of an energy hub for 

a hospital in Hamedan, Iran. It considered variations in electrical, cooling, and heating 

loads, as well as PVPs output power. The results showed a 6.41% increase in total 

operation costs due to uncertainties, primarily due to additional energy procurement 

and system adjustments. The study also examined the role of energy storage systems 

in mitigating uncertainty impacts, finding that when storage systems are excluded, 

operation costs increased by 0.87%. The study also examined the effects of different 

time resolutions and contingency analysis. Thang et al. (2022) developed a stochastic 

optimization framework to address uncertainties in MES, focusing on solar energy 

generation, energy demand, and electricity prices. They used Beta PDF for solar energy 

generation and normal PDF for electricity prices and demand fluctuations. The study 

used a clustering technique to classify distributions into distinct states, forming a 

scenario matrix. The SCENRED tool in GAMS is used to reduce scenarios to 10. The 

results showed that incorporating uncertainties in the framework improved system 

robustness and reduced total operational costs by 2.0-14.5% compared to 

deterministic approaches. Ranjbarzadeh et al. (2022) studied a probabilistic 

optimization approach to address uncertainties in solar energy production and 

electricity market prices within a multi-carrier microgrid. The 2m+1 point estimation 

method is used to model uncertainties efficiently while minimizing computational 

complexity. This method estimates the statistical properties of uncertain variables, 
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such as solar power output and electricity prices, by focusing on a limited number of 

evaluation points. Compared to traditional MCS, which require many samples, the 

2m+1 approach significantly reduces computational burden while maintaining a high 

level of accuracy in uncertainty modeling. The study shows that incorporating 

uncertainty into the optimization framework increases operational costs but improves 

resilience to renewable energy fluctuations and market conditions. The model adjusts 

energy storage system scheduling and demand response strategies to mitigate price 

volatility and intermittent solar generation. This results in a more conservative strategy, 

increasing costs but improving system robustness. 

 This study addresses a research gap by proposing an EH model that fully 

integrates green hydrogen production from HS. Previous works used a mix of RE and 

grid power, making hydrogen not fully green. Additionally, past research primarily used 

the WSMO method for solving multi-objective problems. To enhance this, the study 

introduces FMOO, a novel approach in EH research. Furthermore, the uncertainties of 

RE and load are considered. To analyze these uncertainties more effectively, a 

probabilistic approach is incorporated, leading to a more accurate and optimized 

model. 
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Table 2.5 The research gap between the existing and this study (Continued) 
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Table 2.5 The research gap between the existing and this study (Continued) 
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2.9 Chapter Summary 
 The concept of MES has gained significant attention due to the increasing 

integration of RE resources and energy storage technologies. Section 2.2 introduces the 

conventional approach to electrical energy scheduling problems, highlighting its 

importance in managing the supply-demand balance and enhancing system 

performance. Building on this, Section 2.3 outlines the trends in RE resources, 

emphasizing investments in wind and solar power as well as technological 

advancements, which directly influence the selection of appropriate RE types for HS 

integration. Consequently, Section 2.5 of this chapter contains a comprehensive 

literature review that focuses on HS application overview. Section 2.6 investigates 

optimal scheduling of MES using EH models that focus on individual objectives such 

as minimizing operating costs or carbon emissions. Meanwhile, Section 2.7 delves into 

studies on optimal scheduling of MES using EH models under multi-objective 

optimization, emphasizing the need for compromise solutions to balance multiple 

objectives effectively. Then, Section 2.8 demonstrates a probabilistic model, which 

describes an uncertainty scenario, leading to determining an optimal scheduling 

solution to handle uncertainty. Lastly, by combining the knowledge from these 

reviews, Table 2.5 provides a summary of the identified research gaps, highlighting areas 

that require further exploration.

 



 

CHAPTER III 

OMES-WSPHS INTEGRATION CONSIDERING PRICING MECHANISM 

UNDER TOC MINIMIZATION

 
3.1 General Introduction 

This chapter focuses on the integration of OMES-WSPHS under a pricing 

mechanism to minimize the TOC. The study aims to enhance the efficiency of energy 

dispatch by coordinating multiple energy sources, including the electricity grid, NG, 

WTs, PVPs, and HS. The proposed system integrates hydrogen storage as a key element 

to optimize energy utilization by converting excess RE into hydrogen, which can later 

be used for electricity generation. To achieve the optimal scheduling of the system, 

the PSO-LP method is employed. This optimization technique enables effective 

coordination between multiple energy sources while considering the TOU tariff and 

real-time pricing (RTP). The study explores various case studies to evaluate the impact 

of different operational scenarios, including the presence or absence of HS, 

coordinated and uncoordinated operations between electricity and NG, as well as 

cases with and without solar power integration. The results provide insights into how 

integrating HS and optimizing energy dispatch strategies can contribute to cost 

reduction and improved energy management. 

 

3.2 Problem Formulation 
 3.2.1 System Modeling 
  For system modeling, the components of MES-WSPHS are shown in Fig. 

3.1. The input part consists of an electricity grid and NG to dispatch energy to the 

output which is electricity and heat demands. Conversion technology, which is the 

center of EH includes a transformer (TR), gas boiler (GB), micro-turbine (MT), WTs, and 

 



45 

PVPs. With HS, the excessive RE can be converted to hydrogen and stored for utilization 

at the proper period. As a result, the resources can be coordinately utilized, leading to 

higher overall efficiency. Electricity (PE) and NG (PNG) serve as the primary input power 

for the system and must supply the required electricity demand (LE) and heat demand 

(LH), respectively (Zidan & Gabbar, 2016). Conversion efficiency is considered and can 

be mathematically expressed as shown in Eq. (3.1). 
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Figure 3.1 The components of MES with EH model 

 

  In part of WTs and PVPs modeling, the wind speed profile must be 

evaluated at a height corresponding to the turbine's cross-sectional area. Therefore, 

Eq. (3.2) illustrates a calculation for estimating wind speed at this altitude based on 

the power law theory (Manwell et al., 2002). 
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rWT r

v h z

v h z

 
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 

=  (3.2) 

  A wind turbine generates electricity when the wind speed is above the 

cut-in speed or below the cut-off speed, otherwise the turbine produces no power. 
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The power output increases with the cube of the wind speed divided by the rated 

wind speed when the wind speed is between the cut-in speed and the rated wind 

speed. Once the wind speed reaches the rated level, the turbine generates a constant 

rated power until the cut-off speed is reached. Above the cut-off speed condition, it 

is shut down to prevent damage. A wind turbine power output can be expressed Eq. 

(3.3) (Dechjinda & Chayakulkheeree, 2024): 
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  The total wind power per hour from Eq. (3.3) can be defined as the sum 

of individual wind turbines, defined as WTs can be modeled in Eq. (3.4). The PVPs can 

be modeled as Eq. (3.5) which considers solar energy converted into electrical energy. 

The output is DC power and needs to be converted into AC power through an inverter 

(Yammani et al., 2012). 
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  When the wind and solar power are excessed, it can be stored in the 

form of hydrogen. Therefore, the grid-injected wind and solar power at time h can be 

shown in Eq. (3.6) - (3.11). 
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  The conversion devices are TR, GB, and MT. In the electrical energy 

sector, TR is used to convert the grid voltage to the load. The TR efficiency model can 

 



47 

be expressed as Eq. (3.12) when electricity flows through the TR to supply loads. In 

the NG energy sector, GB and MT are employed to convert NG to power (Ha et al., 

2017; Thanh-tung et al., 2016). The efficiencies of the GB and MT are utilized to 

determine the load supply from NG formed as in Eq. (3.13) and (3.14). When 

considering NG cost, the power from NG can be defined as Eq. (3.15). 

.TR E TRP P η=  (3.12) 
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1 2 .NG NG NGP P P= +  (3.15) 
  HS has gained considerable attention in recent studies and research 

efforts. In these systems, hydrogen is produced by EL when the power generated by 

WTs and PVPs exceeds the power demand and is stored as a chemical substance. This 

stored hydrogen can later be used in the FC, where it reacts with oxygen from the air 

to generate electricity in its gaseous state. HS enables long-term energy retention, as 

highlighted in (Ould Amrouche et al., 2016). By applying Faraday’s law, the molar flow 

rate of hydrogen is produced by the EL. The FC turns hydrogen into electricity, and 

hydrogen consumption is directly proportional to its power output (Cau et al., 2014; 

Imeni et al., 2023). The molar flow of EL and FC can be described as a function in Eq. 

(3.16) and (3.17), respectively. When HS is operating, the FC and EL cannot be operated 

simultaneously. Therefore, YEL and YFC, representing binary numbers (0,1), are 

introduced for FC and EL operating conditions as shown in Eq. (3.18) (Cau et al., 2014; 

Imeni et al., 2023). A key control variable in the HS system is the hydrogen tank 

pressure at each hour. The tank pressure reflects the amount of hydrogen contained 

in the storage vessels and molar flow from Eq. (3.16) and (3.17) are used to calculate 

the pressure at each hour. The pressure calculation for the hour h is dependent on 

the previous time step, as shown in Eq. (3.19) and can calculate the state of the tank 

(SOT) as shown in Eq (3.20) (Cau et al., 2014; Imeni et al., 2023). 
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 3.2.2 Objective Function 
  The proposed method uses the PSO-LP technique to find the optimal 

scheduling of MES-WSPHS. The multiple energy deliveries are formed as variables on 

an hourly basis, to find the optimal solution for the system that makes it the minimum 

operating cost. The analysis considers the TOU tariff and RTP as separate factors 

throughout the day. Therefore, the objective function is to minimize TOC while 

accounting for the TOU tariff and RTP independently, with a penalty function 

incorporated to address any constraints violations, as shown in Eq. (3.21). The 

operation of this work procedure, which involves calculating the objective function 

while handling constraints, follows the workflow depicted in Fig. 3.2. 
24

1

 ( ( ) ( ) ( ) ( )) .E E NG NG
h

Minimize TOC C h P h C h P h PNF
=

= + +  (3.21) 

  Subjected to the power balance constraints in Eq. (3.22) - (3.23), 
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  and the limit constraints of each conversion device as demonstrated by 

Eq. (3.24) - (3.29).  
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,0 ( ) ,EL EL EL ratedY P h P   (3.27) 

,0 ( ) ,FC FC FC ratedY P h P   and (3.28) 

tank,min tank tank,rated( ) .p p h p   (3.29) 

  The initial pressure which is indicated in the content of the HS tank is 

set to the final pressure when the day is over, as shown in Eq. (3.29). Additionally, 

penalty function terms can handle some constraints, which can’t define a lower and 

upper boundary such as Eq. (3.29) and (3.30). The penalty function can be defined in 

Eq. (3.31) 

tank tank( ) ( 24).p h initial p h= = =  (3.30) 

2 2 2
tank tank,min tank tank,max tank tank[( ( ) ) ( ( ) ) ( (24) (initial)) ]PNF ρ p t p p t p p p= − + − + −  (3.31) 
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Figure 3.2 Flowchart of the PSO-LP technique under TOC procedure 
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 3.2.3 PSO-LP Technique  
  The HS scheduling is a continuous variable (PEL and PFC), while the 

relation of power from the grid and NG (PE and PNG) can be formed as a linear problem. 

Therefore, we modify the mathematical formulation of the problem to account for 

utilizing a heuristic algorithm in the main loop and utilizing a deterministic algorithm in 

the subroutines. LP will optimize the problem in subroutines. Then, the main loop will 

be optimized by PSO. The overview concept of hybrid PSO-LP is shown in Fig. 3.3.  
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Figure 3.3 The overview of hybrid PSO-LP 

 

  The hybrid PSO-LP technique is an enhanced model of the traditional 

PSO algorithm, designed to be more efficient. The PSO is used for searching for optimal 

HS scheduling incorporating the optimal condition of electricity from the power grid 

and NG, under wind and solar power, electricity load, and heating load conditions. As 

a stochastic optimization technique, the PSO algorithm is a stochastic optimization 

technique inspired by the collective behavior of bird flocks and their emergent 

dynamics. In PSO, a population of potential solutions, referred to as particles, is used 

to search for the optimal result. This population is called a swarm, and each particle 
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represents a possible solution. The algorithm begins by randomly assigning positions 

to the particles within the search space. These particles then update their positions in 

successive iterations, adjusting based on their velocities. Each particle keeps track of 

its best position, referred to as pbest(i,h), and updates its velocity based on that. 

Particles also communicate with one another to adjust their movement. If a particle 

finds a solution better than its previous pbest, the value is replaced. Among the entire 

population, the best solution found is called the global best (gbest). In this work, the 

population is formulated as follows Eq. (3.32) and the matrix in Eq. (3.32) will solve 

the individual objective function simultaneously. Then this matrix is used to update 

each particle’s velocity as displayed in Eq. (3.33), and the next step of the matrix is 

updated by velocity as shown in Eq. (3.34) (Kennedy & Eberhart, 1995). 

, , , ,[ (1), (2),..., ( ),..., (24)].EL FC EL FC EL FC EL FCP P P h P=EL,FCP  (3.32) 

1 1 2 2( , 1) ( , ) ( ( , ) ( , ))+ ( ( , ) ( , )),v i h wv i h c rand pbest i h i h c rand gbest i h i h+ = + − −EL,FC EL,FCP P  (3.33) 

( , 1) ( , ) ( , 1).i h i h v i h+ = + +EL,FC EL,FCP P  (3.34) 

  In this work, Eq. (3.32) defines the upper and lower boundaries based 

on the operational range of energy converter components in Table 3.1, specifically 

from 0 to PEL, rated and 0 to PFC, rated. In cases where the excess power from RE is less 

than the rated capacity of the EL, the upper boundary is redefined by Eq. (3.11). 

  Although PSO is effective in exploring global search spaces, it often 

encounters challenges in fine-tuning solutions within constrained environments due to 

its stochastic nature. To overcome this limitation, the LP algorithm is incorporated into 

the proposed PSO-LP framework. After PSO generates an initial HS scheduling solution, 

LP is employed to further refine and optimize the solution under a set of linear 

constraints and objective functions. By combining the global exploration capability of 

PSO with the local optimization precision of LP, the hybrid approach aims to achieve 

faster convergence, improved solution accuracy, and enhanced feasibility for multi-

energy system scheduling problems. The mathematical formulation of the LP 

optimization stage is established as follows and can be expressed by Eqs. (3.35)–(3.41). 
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minimize TOC = TC x  (3.35) 
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Where  

                 24 24( )TRdiag η = 11A  
                 24 24
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22 ( )H
MTdiag η = A  
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                 (24 24) =0 zero matrix (no coupling) 

 

  The matrices denoted as diag(·) represent diagonal matrices, where all 

off-diagonal elements are equal to zero. Each diagonal entry corresponds to a 

parameter specific to a given time step or energy source. Furthermore, the optimization 

problem is subject to lower and upper bounds, denoted as lb and ub, respectively. 

The lower bound is always set to zero, while the upper bound is defined based on 

the energy flow pathways through the system. Specifically, the upper bound is assigned 

according to the rated capacity of each device along its respective energy flow path, 

as detailed in Table 3.1. 

 

3.3 Data Acquired and Assumptions 
 To evaluate the performance and feasibility of the MES-WSPHS configuration, 

it is essential to analyze the efficiency and capabilities of its individual components as 

shown in Table 3.1 (Ha et al., 2022; Son et al., 2021). The electricity load profile utilized 

in this study is obtained from a typical summer day in the northeastern region of 

Thailand, with a peak load defined at 2 MW (Dechjinda & Chayakulkheeree, 2024) as 

shown in Fig. 3.4(a). The heat load profile is adapted from Anna Sandhaas as illustrated 
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in Fig. 3.4(b). The wind and solar profile are derived from data collected on a summer 

day in Pakchong, Thailand (Dechjinda & Chayakulkheeree, 2024). Finally, additional 

details of the entire energy profile are provided in Appendix A. 

 

Table 3.1 The efficiency and rated device of each component 

List No.1 No.2 No.3 No.4 No.5 No.6 No.7 

Component TR EL FC MT GB Converter 
Pressure 

tank 

Efficiency 98% 70% 60% 40%, 50% 88% 95% - 

Rated 2500 kVA 500 kW 500 kW 500 kW 1600 kW - 100 bar 

 

 
(a) 

 
(b) 

Figure 3.4 The load profile (a) electricity (b) heat 
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Figure 3.5 The wind profile 

 

 
Figure 3.6 The solar profile 

 

This study examines a wind power system with four turbines rated at 500 kW 

each (NT = 4), as shown in Fig. 3.5. Subplots 1 and 2 in Fig. 3.5 illustrate wind speed 

conversion to power. Hourly solar irradiance and PVPs output are shown in Fig. 3.6, 

subplots 1 and 2, respectively. Fig. 3.7 highlights excess wind and solar power over 
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demand. Electricity costs follow TOU tariff (Piawises & Chayakulkheeree, 2024), while 

NG prices remain constant. Furthermore, RTP, which reflects dynamic price 

adjustments, both are described in Fig. 3.8. 

 

 
Figure 3.7 The excess wind-solar generation 

 

 
Figure 3.8 The electricity and natural gas pricing mechanism 
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3.4 Simulation Results 
 The case studies presented in Fig. 3.9 are analyzed under five distinct scenarios, 

each with specific operational conditions: 

Case I: MES-WSP operates without HS and lacks coordination between 

electricity and NG (Base Case). 

Case II: MES-WSP includes HS with no coordination between electricity and NG. 

Case III: MES-WSP operates with coordinated electricity and NG but without HS. 

Case IV: MES-WSP (excluding solar power) operates with HS and coordinated 

electricity and NG operations. 

Case V: MES-WSP operates with HS and coordinated electricity and NG 

operations. 
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(a) 

Figure 3.9 Configuration of the MES-WSP under different case studies 
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(c) 

Figure 3.9 Configuration of the MES-WSP under different case studies (Continued) 
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(e) 

Figure 3.9 Configuration of the MES-WSP under different case studies (Continued) 
 

 However, the case studies will be analyzed under the TOU scheme for all given 

cases, while under the RTP scheme, only the case with the lowest TOC will be 

considered and presented. This analysis aims to determine which scenario achieves 

the greatest reduction in operating costs throughout the day. 

 



59 

 3.4.1 Optimization Parameter Validation 
  To determine the optimal solution for minimizing the TOC considering 

Case IV, a sensitivity analysis is conducted on the PSO-LP method. The analysis 

involved varying key PSO parameters, specifically the inertia weight ( w ) and cognitive 

and learning factors ( 1c , 2c ), to assess their impact on optimization performance. 

Specifically, an adaptive inertia weight is used while varying the cognitive and learning 

factors. Conversely, the cognitive and learning factors are kept at their default values 

while varying inertia weight. These parameters can be modeled as shown in Table 3.2. 

 

Table 3.2 Vary the parameters w, c1, and c2 of the PSO-LP settings 

Variable 
Settings 

Varies w  Varies 1c  and 2c  

w  0.1 0.6 1.1 [0.1,1.1] 

1c  1.49 1.49 1 2 1 2 

2c  1.49 1.49 2 1 1 2 

Random values 
( 1 2,rand rand ) 

[0,1] 
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Figure 3.10 Convergence of TOC optimization with different inertia weights 

 

  The inertia weight ( w ) is tested at three different levels while keeping 

the learning factors ( 1c  and 2c ) constant: 

• Low ( w  = 0.1): The best objective function value obtained is 265,208 THB. 

• Medium ( w  = 0.6): The best objective function value obtained is 265,195 THB. 

• High ( w  = 1.1): The best objective function value obtained is 265,247 THB. 

These results suggest that an intermediate inertia weight ( w  = 0.6) provides better 

convergence performance compared to lower or higher values. The convergence plot 

of the variation of the inertia weight is illustrated in Fig. 3.10. 
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Figure 3.11 Convergence of TOC optimization with different learning factors 

   

  The cognitive and social learning factors are tested under different 

configurations while maintaining a fixed range of inertia weight. 

• 1c  < 2c  ( 1c  = 1, 2c  = 2):  

The best objective function value obtained is 265,189 THB. 

• 1c  = 2c : 

➢ ( 1c = 1.49, 2c  = 1.49):  

The best objective function value obtained is 265,188 THB. 

➢ ( 1c  = 1, 2c  = 1):  

The best objective function value obtained is 265,190 THB. 

➢ ( 1c  = 2, 2c  = 2):  

The best objective function value obtained is 265,767 THB. 

• 1c  > 2c  ( 1c  = 2, 2c  = 1):  

The best objective function value obtained is 265,214 THB. 

  Among these settings, the combination of 1c  = 1.49, 2c  = 1.49 

demonstrated the best optimization performance, yielding the lowest TOC. The 
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convergence plot of the variation of cognitive and social learning factors is illustrated 

in Fig. 3.11. 

 

 
Figure 3.12 Convergence of TOC optimization with selected PSO parameters 

 

  To further refining the parameter selection, two configurations are 

compared from selection PSO parameters by Fig. 3.10 and Fig. 3.11 The convergence 

plot of the selection PSO parameters is illustrated in Fig. 3.12: 

• ( 1c , 2c ) = (1.49, 1.49) and w  = 0.6:  

 The best objective function value obtained is 265,195 THB. 

• ( 1c , 2c ) = (1.49, 1.49) and w  = [0.1,1.1]:  

 The best objective function value obtained is 265,188 THB. 

 

 3.4.2 TOU Tariffs Considerations 
  In each case, the scheduling of energy proportions varies depending on 

the scenario. For cases without HS, only LP is employed to find the solution since 

there are no variables for the FC and EL. However, in scenarios incorporating HS, a 

hybrid PSO-LP method is utilized. This approach first optimizes the operation of the 
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fuel cell and EL using PSO, and the results are subsequently processed using LP. The 

scheduled energy output for each component, as well as the costs associated with 

each energy sector, are summarized in Table 3.3. Furthermore, since HS is considered 

in Cases II, Case IV, and Case V, with PSO-LP employed to derive the solutions, Figs. 

3.13 to 3.18 provide detailed insights into the power balance, optimization algorithm, 

and the impact of HS on the proposed system. The figures are organized based on 

case studies: (a) Case II, (b) Case IV, and (c) Case V, illustrating the effectiveness of the 

proposed optimization approach in achieving optimal solutions. These cases highlight 

the role of HS integration, both with and without the coordinated operation of NG-

electricity, in balancing multiple energy types with energy demand. Notably, Case IV 

excludes solar power to analyze the influence of wind power injections exclusively. 

Furthermore, when the MT is integrated, additional power losses occur due to 

operational efficiency limitations. However, despite these losses, MT integration 

significantly contributes to reducing the TOC. 

  Various energy sources are utilized to meet output demands through 

multiple energy scheduling in the EH. In Table 3.3, Case I represents no cooperation 

between electricity and NG systems, where each sector operates independently, 

focusing solely on its efficiency. Conversely, Case III involves coordinated operation 

between electricity and NG, with NG being used to dispatch the electricity load via MT 

to reduce electricity consumption. Excess wind and solar power, as shown in Fig. 3.7, 

are not utilized, resulting in no additional energy savings. 

  Case II integrates HS without coordination with the electricity and NG 

systems, whereas Cases IV and Case V incorporate both HS and coordinated operation. 

This significantly enhances energy management strategy since HS stores only excess 

wind in Case IV and excess wind and solar energy in Case II and V, which is then 

discharged at other times. The power balance in each energy sector is depicted in Fig. 

3.13(a), 3.13(b), and 3.13(c) for electricity and in Fig. 3.14(a), 3.14(b), and 3.14(c) for 

heat. Both Figs 3.13 and 3.14 focus exclusively on cases involving HS integration.  

 



 

 

Table 3.3 Summary of power scheduling and energy costs for each sector 

Case 

Energy scheduling (kWh) Operation costs (THB) 

Energy through components Demand-side Electricity 

NG 

Total TR 

M
T 

W
Ts 

PVPs 

FC 

GB 

Gen 

Used 

Loss 

Curtailed 
I 16,956 - 

20,669 

7,166 

- 
40,130 

90,382 

77,530 

5,818 7,034 68,887 182,410 251,297 

II 15,024 - 1,933 84,996 5,779 1,687 61,711 182,410 244,121 

III 15,356 3,600 - 38,130 90,679 5,913 7,236 60,538 189,319 249,857 

IV 17,798 4,950 - 1,680 37,380 84,242 6,011 701 73,278 191,910 265,188 

V 13,424 3,600 12,113 1,933 38,130 85,090 5,873 1,687 50,453 189,319 239,772 

64 
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  The energy flow through the MT, which operates in Cases III and V, 

produces both electricity and heat. In these cases, the MT is scheduled to run from 12 

a.m. to 9 p.m., as NG costs during this period are lower than the peak electricity costs 

in TOU tariffs. However, when energy generation is sufficient to meet demand, the MT 

remains inactive, as shown in Figs. 3.13(c) and 3.14(c), where it does not operate at 2 

p.m. and 3 p.m. In Case IV, where only excess wind power is utilized, the MT operates 

for an extended period of 11 hours from 11 a.m. to 10 p.m., resulting in the highest 

power loss among all cases, as indicated in Table 3.3 and shown in Figs. 3.13(b) and 

3.14(b). 

 

 
(a) 

Figure 3.13 Power scheduling in EH for (a) Case II, (b) Case IV, and (c) Case V 
(electricity sector) 
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(b) 

 
(c) 

Figure 3.13 Power scheduling in EH for (a) Case II, (b) Case IV, and (c) Case V 
(electricity sector) (Continued) 
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(a) 

 
(b) 

Figure 3.14 Power scheduling in EH for (a) Case II, (b) Case IV, and (c) Case V  
(heat sector) 

 



68 

 

 
(c) 

Figure 3.14 Power scheduling in EH for (a) Case II, (b) Case IV, and (c) Case V  
(heat sector) (Continued) 

 

 
(a) 

Figure 3.15 HS scheduling for 24 hours (a) Case II, (b) Case IV, and (c) Case V 
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(b) 

 
(c) 

Figure 3.15 HS scheduling for 24 hours (a) Case II, (b) Case IV, and (c) Case V 
(Continued) 

   

  In Case II and Case V, with HS integration, EL converts excess wind and 

solar power into HS from 3 a.m. to 11 a.m. and 2 p.m. to 3 p.m. However, in Case IV, 
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due to the absence of solar energy, the EL only utilizes excess wind power for HS from 

3 a.m. to 11 a.m. In all cases, FC converts stored hydrogen into electricity to reduce 

grid dependency, with the HS operation schedule varying across cases. Additionally, 

the FC scheduling patterns differ among Case II, Case IV, and Case V. However, the 

power from FC operated is performing in the peak electricity costs period to reduce 

energy from the grid, resulting in a lower TOC and energy curtailment. The TOU tariff 

is utilized to define the objective, resulting in the FC operating as illustrated in Fig. 3.15 

(a) Case II, (b) Case IV, and (c) Case V. In the study, the initial hydrogen tank pressure is 

set at 20 bar. During HS scheduling, the tank pressure is maintained within a range of 

no more than 100 bar and no less than 10 bar, which is defined in SOT is 100% and 

0%, respectively. With the pressure at the final hour of the day equal to that of the 

initial hour. As shown in Fig. 3.16 (a) Case II, (b) Case IV, and (c) Case V, SOT is displayed 

as a percentage, representing the HS model. However, further initial settings of pressure 

are studied in Appendix C 

 

 
(a) 

Figure 3.16 State of the tank (%SOT) in HS (a) Case II, (b) Case IV, and (c) Case V 
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(b) 

 
(c) 

Figure 3.16 State of the tank (%SOT) in HS (a) Case II, (b) Case IV, and (c) Case V 
(Continued) 

 

  Figure 3.17 (a), (b) and (c) show the convergent PSO-LP solutions of Case 

II, Case IV, and Case V respectively. The best function value is TOC in all three cases. 
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Case II begins converging around 20 iterations and stops finding the optimal solution 

in 128 iterations. Case IV starts converging around 20 iterations and stops finding the 

optimal solution in 48 iterations. Case V also begins converging around 30 iterations 

and stops finding the optimal solution in 285 iterations. However, all cases can 

converge before the maximum iteration setting because the final solution is less than 

the function tolerance. Notably, Case IV exhibits a significant reduction in the number 

of iterations required to find a solution due to the stable wind speed profile during 

exceed hours, which operates at the rated power. As a result, Case IV is the fastest to 

converge.   

  Figure 3.18 (a) and (b) demonstrate the results from 30 trials of Case II,  

Case IV, and Case V which show the best, worst, and average lines of solutions, indicate 

that the fitness results of PSO-LP are clustered, with the standard derivations (SD) of 

4.30, 3.9, and 5.11, respectively. Therefore, the proposed method is demonstrated to 

be reliable and has the potential to find the optimal solutions 

 

 
(a) 

Figure 3.17 The PSO-LP convergence plot (a) Case II, (b) Case IV, and (c) Case V 
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(b) 

 
(c) 

Figure 3.17 The PSO-LP convergence plot (a) Case II, (b) Case IV, and (c) Case V 
(Continued) 
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(a) 

 
(b) 

Figure 3.18 The PSO-LP fitness results with 30 iterations (a) Case II, (b) Case IV, and 
(c) Case V 
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(c) 

Figure 3.18 The PSO-LP fitness results with 30 iterations (a) Case II, (b) Case IV, and 
(c) Case V (Continued) 

 

  When comparing the results across the five case studies, TOC shows a 

significant reduction in all optimized scenarios compared to the base case (Case I), 

except for Case IV. The higher TOC in Case IV is primarily due to the limited RE profile, 

which excludes solar power and consequently reduces the utilization of HS. This 

emphasizes the effectiveness of incorporating multi-energy scheduling and single-

objective optimization strategies in enhancing system cost reduction. Table 3.4 

presents the TOC values for each case along with the corresponding percentage 

reduction relative to the base case. 

 

Table 3.4 TOC percentage comparison across all case studies 

Case study Case I Case II Case III Case IV Case V 
TOC 251,297 244,121 249,857 265,188 239,772 

% Reduction 
from Case I 

- 2.86% 0.57% –5.53% 4.58% 
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 3.4.3 RTP Considerations 
  In this section, the impact of RTP on the operation of the MES-WSPHS, 

which is on Case V, is analyzed. The study investigates how dynamic electricity pricing 

influences the scheduling of various energy resources, ensuring cost-effective and 

efficient energy management. Fig. 3.19 and Fig. 3.20 illustrate the power scheduling for 

each energy sector. In the electricity sector, MT and HS are scheduled to operate 

between 7 p.m. and 10 p.m., that reflects the RTP scheme indicates higher electricity 

prices during this period. Therefore, the power from NG through MT is occurring in both 

energy sectors. 

  The integration of HS further enhances system flexibility, as depicted in 

Fig. 3.21(a), which illustrates the charge and discharge patterns of the HS system. It can 

be observed that hydrogen is primarily stored during low electricity price periods and 

discharged during peak price hours, aligning with the cost-minimization strategy. SOT is 

displayed in Fig. 3.21(b). The quantity of hydrogen in tank shows hydrogen reserves 

gradually increasing during the daytime and depleting as energy is discharged in the 

evening. 

 

 
Figure 3.19 Power scheduling in EH under RTP scheme (electricity sector) 
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Figure 3.20 Power scheduling in EH under RTP scheme (heat sector) 

 

 
(a) 

Figure 3.21 (a) HS scheduling for 24 hours and (b) State of the tank (%SOT) under  
RTP scheme 
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(b) 

Figure 3.21 (a) HS scheduling for 24 hours and (b) State of the tank (%SOT) under 
RTP scheme (Continued) 

 

 
(a) 

Figure 3.22 The PSO-LP (a) convergence plot and (b) fitness results with 30  
iterations under RTP scheme 
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(b) 

Figure 3.22 The PSO-LP (a) convergence plot and (b) fitness results with 30 
iterations under RTP scheme (Continued) 

   

Figure 3.22 (a) and (b) demonstrate the results from 30 trials of MES-

WSPHS under RTP which show the best, worst, and average lines of solutions, indicate 

that the fitness results of PSO-LP are clustered, with the SD of 0.49. This study is 

reliable and has the potential to find optimal solutions more than TOU tariff. 

 

 3.4.4 The Comparison Between PSO and PSO-LP 
  This section illustrates a different solution between the PSO and PSO-

LP technique under the TOC as an objective function and demonstrated in Case V. 

The aim is to highlight the performance of each approach that can minimize TOC 

effectively. To ensure a fair comparison between algorithms, the study established 

consistent parameters, as outlined in Table 3.5. 
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Table 3.5 The parameters of the PSO and PSO-LP settings  

Variable Settings 

Swarm sizes 100 

Iterations 500 

Function Tolerance <10-6 

w  [0.1,1.1] 

1c  1.49 

2c  1.49 

1 2,rand rand  [0,1] 

 

  Figure 3.23 presents a comparison between PSO and PSO-LP, illustrating 

that both algorithms demonstrate similar convergence behavior. However, the 

proposed PSO-LP terminates the optimization process at 285 iterations, due to the 

predefined convergence criteria based on the tolerance between the current particle 

swarm and the previous swarm, with a function tolerance of less than 10-6. This enables 

PSO-LP to achieve a near-optimal global solution. In contrast, PSO requires 291 

iterations to terminate, taking slightly longer and failing to reach a near-optimal 

solution. On the other hand, PSO-LP requires significant computational resources due 

to its two-step process: running PSO in the main loop and executing LP as a subroutine. 

This results in a longer runtime for PSO-LP compared to conventional PSO. 

Nevertheless, both algorithms are suitable for this problem, as the scheduling process 

must be completed within a day. The runtime details for this study are provided in 

Table 3.6. 
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Figure 3.23 Convergence comparison between PSO and PSO-LP 

 
Table 3.6 The runtime of the PSO and PSO-LP 

Algorithm PSO PSO-LP 

Runtime (s) 611 3,000 

 

 
Figure 3.24 The PSO convergence plot 
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  The PSO convergence plot in Fig. 3.24 indicates a final TOC value of 

239,964 THB, whereas the PSO-LP convergence plot in Fig. 3.17 (c) shows a final TOC 

value of 239,772 THB. This comparison highlights that PSO-LP achieves a more optimal 

solution than the conventional PSO algorithm. 

   

 3.4.5 The Percentage of Multi-Energy Usage 
  This section presents the proportion of energy consumption from 

various sources within MES, which typically includes electricity from the grid, RE (wind 

and solar energy), and NG. Understanding the percentage contribution of each energy 

source offers valuable insights into the system’s operational efficiency, sustainability, 

and its reliance on non-renewable energy sources. The results reflect that energy usage 

aligns with PDP2018, which emphasizes electricity and NG as the primary energy 

sources, while RE serves as an alternative to reduce carbon emissions. To further 

enhance the clarity of energy distribution, a pie chart is presented to visually illustrate 

the total energy consumption by source during the simulation, providing an intuitive 

understanding of each source’s role within the system as shown in Fig. 3.25.  

 

 
Figure 3.25 The energy consumption distribution among different sources for Case V 
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  Based on the results, Case V is selected for this analysis as it 

demonstrates the most integrated operation among all the tested scenarios, 

showcasing the synergistic contribution of all available energy sources grid electricity, 

RE, NG, and hydrogen. The energy consumption ratio illustrates a diverse mix of 

sources, with a relatively modest contribution from RE. While fossil-based sources such 

as grid electricity and NG remain dominant, increasing the share of renewable energy 

is strongly recommended. A higher penetration of renewables can lead to significant 

long-term cost savings by reducing dependency on fuel-based sources, while 

simultaneously decreasing carbon dioxide emissions. Moreover, with effective energy 

scheduling and integration of storage systems like hydrogen, the variability of 

renewables can be managed efficiently. Therefore, future energy planning should 

prioritize renewable expansion to enhance sustainability, economic performance, and 

environmental benefits. 

 

3.5 Chapter Summary 
 This chapter presented an optimized scheduling approach for OMES-WSPHS 

under a pricing mechanism aimed at minimizing the TOC. The study introduced a 

hybrid PSO-LP optimization method to enhance system efficiency by optimizing energy 

dispatch while considering TOU tariffs and RTP schemes. The simulation results 

demonstrated that integrating HS significantly enhances energy flexibility, particularly 

in balancing excess renewable including solar and wind power generation and peak 

demand periods. Comparing different operational scenarios, it is revealed that 

coordinated electricity and NG operations, along with HS, provide the lowest operating 

costs. Among the tested cases, Case V, which included both HS and coordinated energy 

dispatch, achieved the best determination of the objective function as TOC under the 

TOU scheme. When comparison between every case study, TOC decreased to a 

maximum of 4.58% compared to Case I (base case). Additionally, Under the RTP 

scheme, the coordination between energies is rescheduled to respond to dynamic 
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pricing scheme, leading to flexible operation with economic consideration. Moreover, 

the comparison between conventional PSO and the proposed PSO-LP method 

highlighted the advantages of incorporating linear programming in refining the 

optimization process. Although PSO-LP required higher computational resources, it 

converged to a more optimal solution with lower TOC compared to conventional PSO. 

Overall, the findings confirm that the proposed optimization framework effectively 

reduces operational costs while improving energy utilization and system flexibility.  

 

 



 

 

CHAPTER IV 

MULTI-OBJECTIVE OPTIMIZATION USING FMOO FOR OMES-WSPHS 

INTEGRATION

 
4.1 General Introduction 
 This chapter presents a comprehensive multi-objective optimization framework 

for OMES-WSPHS integration. The proposed optimization methodology employs fuzzy 

techniques to address multiple objectives, including the minimization of TOC, TCE, and 

EP. The optimization approach utilizes PSO-LP to achieve an optimal single objective, 

followed by the construction of a fuzzy-satisfaction membership function (FSMF). PSO 

is then used to maximize FSMF, ensuring a balanced trade-off among these conflicting 

objectives. By integrating fuzzy decision-making techniques into the optimization 

framework, the proposed method ensures a balanced and efficient operation of the 

MES-WSPHS system, considering cost-effectiveness, environmental sustainability, and 

energy demand management. Furthermore, the performance of the proposed FMOO 

technique is benchmarked against WSMO. 

 

4.2 Problem Formulation 
 4.2.1 TOC Minimization 
  The proposed method uses the PSO-LP technique to find the optimal 

scheduling of MES-WSPHS. The multiple energy deliveries are formed as variables on 

an hourly basis, to find the optimal solution for the system that makes it the minimum 

operating cost. The analysis considers the TOU tariff throughout the day. Therefore, 

the objective function is to minimize TOC while accounting for the TOU tariff, with a 
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penalty function incorporated to address any constraints violations, as shown in Eq. 

(4.1). 
24

1

 ( ( ) ( ) ( ) ( )) .E E NG NG
h

Minimize TOC C h P h C h P h PNF
=

= + +  (4.1) 

  Subjected to the power balance constraints in (4.2) - (4.3), 

,(( ) ( ) ( ) ( )) T
i

WSP
E

E R MTFCL hh P h P P hP h− − = +  (4.2) 

( ) ( ) ( ),H
H MTGBL h P h P h= +  (4.3) 

  and the limit constraints of each conversion device as demonstrated by  

Eq. (4.4) - (4.9). The initial pressure which is indicated in the content of the HS tank is 

set to the final pressure when the day is over, as shown in Eq. (4.10). Additionally, 

penalty function terms can handle some constraints, which can’t define a lower and 

upper boundary such as Eq. (4.9) and (4.10). The penalty function can be defined in 

Eq. (4.11) 

,0 ( ) ,TR TR ratedP h P   (4.4) 
, ,

,0 ( ) ,E H E H
MT MT ratedP h P   (4.5) 

,0 ( ) ,GB GB ratedP h P   (4.6) 

,0 ( ) ,EL EL EL ratedY P h P   (4.7) 

,0 ( ) ,FC FC FC ratedY P h P   and (4.8) 

tank,min tank tank,rated( ) .p p h p   (4.9) 

tank tank( ) ( 24).p h initial p h= = =  (4.10) 

2 2 2
tank tank,min tank tank,max tank tank[( ( ) ) ( ( ) ) ( (24) (initial)) ]PNF ρ p t p p t p p p= − + − + −  (4.11) 

  The operation of this work procedure, which involves calculating the 

objective function while handling constraints. This process follows a structured 

workflow, as depicted in Chapter 3, specifically in Fig. 3.2. 

 

 4.2.2  TCE Minimization 
  The proposed method uses the PSO-LP technique to find the optimal 

scheduling of MES-WSPHS. The multiple energy deliveries are formed as variables on 

 



87 

 

an hourly basis, to find the optimal solution of the system that makes it the minimum 

carbon emissions, under the emission factor depending on the generation source. The 

operation of this work procedure, which involves calculating the objective function 

while handling constraints, follows the workflow depicted in Fig. 4.1. 

 

Start

Random initial position of the population matrix (PEL and PFC) 

within the capacity device limited boundary.

Calculate quantity of hydrogen tank from molar flow by 

substitute PEL and PFC .

Solve LP with objective function (TCE) subjected to constraints 

to obtain optimal PE and PNG of each population matrix.

Does any constraint violate its limit ?

PNF = 0

PNF =  Eq. (4.11)

Obtain pbest and gbest from the minimum TCE of each particle 

and all particles respectively.

Update all particles

Does the compute reach maximum number of 

iteration or less than function tolerance?

Stop

Yes

No

No

 

Figure 4.1 The workflow of the PSO-LP technique under TCE 
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  In this model, carbon emissions do not appear in WSP and green HS 

operations. Therefore, the objective function is to minimize total carbon emissions 

considering the energy mix from the grid and NG, obtained by Thailand greenhouse gas 

management organization (TGO), and handle a penalty function for a constraints 

violation as shown in Eq. (4.12). 
24

1

Minimize   [ ( ) ( ) ( ) ( )] .H H E E
TR TR MT MT MT MTGB GB

h

TCE k P h k P h k P h k P h PNF
=

= + + + +  (4.12) 

  Subjected to the power balance, the limit constraints of each 

conversion device, and the pressure of the HS tank constraints in Eq. (4.4) – (4.11). 

The carbon emissions factor is reported by Thailand Greenhouse Gas 

Management Organization (Public Organization) (2022). TGO is a public organization 

under the Ministry of Natural Resources and Environment of Thailand. Its main role is 

to promote and coordinate efforts to reduce greenhouse gas emissions in Thailand. 

Therefore, Table 4.1 represents the value of carbon emissions in each energy 

generation. This work considers two main sources of emission factors including 

electricity from the grid which is an energy mix and NG which is fueling power to 

electricity and heat. 

 

Table 4.1 A value of carbon emissions in each energy generation (Thailand Greenhouse 

Gas Management Organization (Public Organization), 2022) 

Source Variable Value 
Electricity grid to TR 

TRk  0.6116 
NG to MT produces heat H

MTk  0.3910 
NG to MT produces 

electricity 
E
MTk  0.4888 

NG to GB produces heat 
GBk  0.2222 
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 4.2.3  EP Minimization 
  The proposed method uses the PSO-LP technique to find the optimal 

scheduling of MES-WSPHS. To find the optimal solution of the system that makes it 

the minimum EP, under the cooperation multiple energy. The operation of this work 

procedure, which involves calculating the objective function while handling 

constraints, follows the workflow depicted in Fig. 4.2. 

 

Start

Random initial position of the population matrix (PEL and PFC) 

within the capacity device limited boundary.

Calculate quantity of hydrogen tank from molar flow by 

substitute PEL and PFC .

Solve LP with objective function (EP) subjected to constraints 

to obtain optimal PE and PNG of each population matrix.

Does any constraint violate its limit ?

PNF = 0

PNF =  Eq. (4.11)

Obtain pbest and gbest from the minimum EP of each particle 

and all particles respectively.

Update all particles

Does the compute reach maximum number of 

iteration or less than function tolerance?

Stop

Yes

No

No

 

Figure 4.2 The workflow of the PSO-LP technique under EP 
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Therefore, the objective function is to minimize EP from the grid considering 

electricity dispatch all day and handle a penalty function for a constraints violation as 

shown in Eq. (4.13).  

,Minimize max([ (1) (2),... ( ),..., (24)]) . E E E EEP P P P h P PNF= +  (4.13) 
  Subjected to the power balance, the limit constraints of each 

conversion device, and the pressure of the HS tank constraints in Eq. (4.4) – (4.11).  

 

4.3 FMOO-based OMES-WSPHS 
 The optimization of multi-objective functions is carried out to achieve a 

balanced compromise solution. FMOO-based OMES-WSPHS is employed to solve the 

optimal scheduling problem. The proposed OMES-WSPHS addresses the following 

objectives, which can be modeled as a FSMF as displayed in shown in Figs. 4.3, 4.4 

and 4.5. 

1. Total operating costs (TOC) minimization in Eq. (4.14) 

max

max maxmin min

.
1

TOC

TOC
μ TOC

TOC TOC TOC TOC

−
= +

− −
 (4.14) 

2. Total carbon emissions (TCE) minimization in Eq. (4.15) 

max

max maxmin min

.
1

TCE

TCE
μ TCE

TCE TCE TCE TCE

−
= +

− −
 (4.15) 

3. Electricity peak from the grid (EP) minimization in Eq. (4.16) 

max

max maxmin min

.
1

EP

EP
μ EP

EP EP EP EP

−
= +

− −
 (4.16) 

 For decision-making, the multi-objective problem in Eq. (4.14) – (4.16) aim to 

maximize the total membership function value, which encompasses the membership 

functions for objectives 1, 2, and 3 respectively. The fuzzy maximization can be 

represented as Eq. (4.17). The computation concept of the fuzzy decision procedure 

overview can be illustrated in Fig. 4.3.  
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1 24 1 24 1 24 1 24 1 241 2, , , ,
x x x x xE NG NG EL FCP P P P PDecision variable = [ ]

PSO-LP for individual objective

OBJ
μ

OBJ

Satisfied 

Condition

Unsatisfied 

Condition

1 2 3max(min( , , ))

where OBJ is objective function including TOC, TCE, and EP, respectively.

OBJ OBJ OBJ

maxOBJminOBJ

 

Figure 4.3 The computation concept of the fuzzy decision procedure overview 

 

,Maximize min{ , } .T EPTOC TCEμ μ μ μ PNF= +  (4.17) 

Subjected to the power balance, the limit constraints of each conversion 

device, and the pressure of the HS tank constraints in Eq. (4.4) – (4.11).  

Where, 

min

maxmin

max

1                                      , for 

Eq. (4.14)        , for 

0                                     , for 
TOC

TOC TOC

μ TOC TOC TOC

TOC TOC









=  


 (4.18) 

min

maxmin

max

1                                      , for 

Eq. (4.15)        , for 

0                                     , for 
TCE

TCE TCE

μ TCE TCE TCE

TCE TCE









=  


 

(4.19) 

min

maxmin

max

1                                      , for 

Eq. (4.16)        , for 

0                                     , for 
EP

EP EP

μ EP EP EP

EP EP









=  


 

(4.20) 
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TOC
μ

TOC

min
TOC maxTOC

max

max maxmin min

1
TOC

TOC
μ TOC

TOC TOC TOC TOC
−

= +
− −

Satisfied 

Condition

Unsatisfied 

Condition

 

Figure 4.4 FSMF of total operating costs 
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Figure 4.5 FSMF of total carbon emissions 

 



93 

 

EP
μ

EP

min
EP maxEP

max

max maxmin min

1
EP

EP
μ EP

EP EP EP EP
−= +
− −

Satisfied 

Condition

Unsatisfied 

Condition

  
Figure 4.6 FSMF of electricity peak from the grid 

 

4.4 WSMO-based OMES-WSPHS 
 In this study, WSMO method is applied to solve OMES-WSPHS. The WSMO 

approach transforms the original multi-objective problem comprising TOC, TCE, and EP 

into a single-objective function by assigning appropriate weights to each objective 

based on their relative importance. To enable comparison with the proposed FMOO 

approach, all three objectives are transformed into equivalent monetary costs. This 

conversion, as defined in Eq. (4.21), allows the integration of both economic and 

environmental factors into a unified cost-based objective function, thereby supporting 

more effective and interpretable decision-making. 

( ) ( )Minimize Cost . EPTCEnormalized TOC C TCE C EP PNF= + + +  (4.21) 
Subjected to the power balance, the limit constraints of each conversion 

device, and the pressure of the HS tank constraints in Eq. (4.4) – (4.11). The cost 

parameters presented in Table 4.2 have been standardized for consistency across 

objectives. The carbon cost rate was converted from THB per ton to THB per kilogram, 

while the peak demand charge was adjusted from a monthly rate to a daily rate by 

dividing by 30 days/month. These cost coefficients serve as weighting factors in the 
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multi-objective optimization, representing the relative priority assigned to each 

objective function. 

 

Table 4.2 The cost parameters each objective into monetary units (Provincial 

Electricity Authority, 2023; Reuters, 2025). 

Objective Unit Cost parameter Value Description 

TOC THB - - 
Already expressed in monetary 

units 

TCE kgCO2 
Carbon cost 
rate ( TCEC ) 

0.2 THB/ 
kgCO2 

Cost of carbon emissions per 
kgCO2 

EP kW 
Peak demand 
charge ( EPC ) 

7 THB/ 
kW/day 

Cost associated with peak 
electricity demand 

 

4.5 Simulation Results 
 4.5.1 FMOO-Based OMES-WSPHS Optimization for Each Objectives 
  To construct the FSMF, the optimal scheduling pattern of HS is 

determined using PSO, while the scheduling of electricity and NG is optimized using 

LP. For multi-objective considerations, a satisfaction function must be developed to 

facilitate the fuzzy decision-making process, ultimately leading to a balanced or 

compromise solution. 

  The first objective focuses on minimizing the TOC, as evaluated in 

Chapter 3, Section 3.4.2. Therefore, Case V, as part of the case study, examines OMES-

WSPHS solution for TOC minimization. The decision variables, including the scheduled 

HS operation and electricity-NG operation, are defined as a pattern for TOC 

minimization as illustrated in Fig. 4.7.  
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Figure 4.7 The decision variables of TOC minimization 

 

  The second objective focuses on minimizing TCE, as calculated in Eq. 

(4.12). The optimal solution of OMES-WSPHS for TCE minimization is illustrated in Fig. 

4.8, where Fig. 4.8(a) presents the power scheduling obtained when considering TCE as 

the objective, and Fig. 4.8(b) shows the convergence of the solution under TCE 

minimization. To ensure the best and most reliable result, the optimization process for 

the second objective function is executed 30 trials, with the results shown in Fig. 4.8(c). 

Since the optimal solution for the second objective function has been determined, 

the decision variables scheduling pattern for TCE minimization can be illustrated in Fig. 

4.9.  
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(a) 

 
(b) 

Figure 4.8 The optimal solution of OMES-WSPHS for TCE minimization (a) the 
power scheduling, (b) the convergence of the solution, and (c) The 
fitness results with 30 trials 
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(c) 

Figure 4.8 The optimal solution of OMES-WSPHS for TCE minimization (a) the  
power scheduling, (b) the convergence of the solution, and (c) The 
fitness results with 30 trials (Continued) 

 

 
Figure 4.9 The decision variables of TCE minimization 
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  The third objective focuses on minimizing EP, as calculated in Eq. (4.13). 

The optimal solution of OMES-WSPHS for EP minimization is illustrated in Fig. 4.10, 

where Fig. 4.10(a) presents the power scheduling when considering EP as the objective, 

and Fig. 4.10(b) shows the convergence of the solution under EP minimization. Similar 

to the second objective, the optimization process for the third objective function is 

executed 30 trials to ensure the best and most reliable results, with the results shown 

in Fig. 4.10(c). Once the optimal solution for EP minimization has been determined, 

the decision variables scheduling pattern for EP minimization can be illustrated in Fig. 

4.11. 

 

 
(a) 

Figure 4.10 The optimal solution of OMES-WSPHS for EP minimization (a) the  
power scheduling, (b) the convergence of the solution, and (c) The 
fitness results with 30 trials 
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(b) 

 
(c) 

Figure 4.10 The optimal solution of OMES-WSPHS for EP minimization (a) the  
power scheduling, (b) the convergence of the solution, and (c) The 
fitness results with 30 trials (Continued) 
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Figure 4.11 The decision variables of EP minimization 

 

  To effectively balance these objectives, FSMF is constructed to quantify 

the degree of satisfaction for each solution. This function assigns membership values 

between 0 and 1, representing the desirability of different scheduling patterns. By 

integrating this function into the decision-making framework, a compromise solution 

that considers all objectives can be achieved. The systematic approach involves 

optimizing each objective separately, normalizing the results for comparability, defining 

a fuzzy membership function for each objective follows the Eq. (4.18) – (4.20) 

respectively, and aggregating the satisfaction levels to determine an optimal scheduling 

pattern that balances TOC, TCE, and EP. This study defines the A scheduling pattern 

as the pattern for TOC minimization, the B scheduling pattern as the pattern for TCE 

minimization, and the C scheduling pattern as the pattern for EP minimization. By 

utilizing all three patterns to evaluate the objectives, the minimum and maximum 

values for each objective can be determined as shown in Table 4.3, which then allows 

for the creation of a FSMF to aid in the decision-making process. Each FSMF in is 

illustrated in 4.12 (a) TOC minimization, (b) TCE minimization, and (c) EP minimization. 
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Where the green highlight indicates the minimum value of each objective, while the 

orange highlight also represents the maximum value of each objective. 

 

Table 4.3 The scheduling pattern for TOC, TCE, and EP 

Objectives 
 
Pattern of Scheduling 

TOC 
(THB) 

TCE 
(kgCO2) 

EP 
(kW) 

A (min TOC as objective) 239,772 18,442.1 1,753.96 
B (min TCE as objective) 242,935 18,105.4 2,008.61 
C (min EP as objective) 243,241 18,717.1 1,315.21 

 

TOC
μ

TOC

Satisfied 

Condition

Unsatisfied 

Condition

243,241239,772

1

0

 
(a) 

Figure 4.12 Each FSMF (a) TOC minimization, (b) TCE minimization, and (c) EP  
minimization 
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TCE
μ

TCE

Satisfied 

Condition

Unsatisfied 

Condition

18,717.118,105.4

1

0

 
(b) 

EP
μ

EP

Satisfied 

Condition

Unsatisfied 

Condition

2,008.611,315.21
0

1

 
(c) 

Figure 4.12 Each FSMF (a) TOC minimization, (b) TCE minimization, and (c) EP  
minimization (Continued) 
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 4.5.2 FMOO-Based OMES-WSPHS Optimization for Total FSMF  
  According to Section 4.5.1, FSMF is individually defined for each 

objective. Consequently, the total FSMF represents overall satisfaction by capturing 

the maximum satisfaction among the minimum satisfaction levels of the three 

combined objective functions. The maximin principle is applied to maximize the 

minimum outcome among the three objectives, ensuring that the worst-case scenario 

is as favorable as possible. This approach guarantees a balanced and compromised 

solution that considers all objectives. By maximizing FSMF, the scheduling pattern of 

HS and the electricity-NG dispatch can be determined for the optimal compromise 

solution. The total FSMF solution is illustrated through the convergence plot in Fig. 

4.13, while Fig. 4.14 presents the fitness total FSMF results over 30 trials. 

 

 
Figure 4.13 The convergence plot of the total FSMF solution 
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Figure 4.14 The fitness total FSMF results with 30 trials 

 

  For this proposed procedure, Fig. 4.15 illustrates the power scheduling 

for each energy sector which (a) electricity and (b) heat, ensuring a balanced trade-off 

among multiple objectives. In the electricity sector (Fig. 4.15 (a)), the microturbine 

operates mainly during 12:00–2:00 p.m. and 6:00–10:00 p.m., with fuel cells 

contributing intermittently in the same periods. In the heat sector (Fig. 4.15 (b)), heat 

demand is primarily met by a gas boiler, while the microturbine provides additional 

heat during 12:00–2:00 p.m. and 6:00–10:00 p.m. The HS scheduling and state of the 

tank can be demonstrated in Fig. 4.16 (a) and (b), respectively. For each objective 

function, the best and worst values are determined based on the optimization goal. 

For FSMF, the best value is the maximum, as a higher fuzzy satisfaction level indicates 

a more optimal solution, while the worst value is the minimum. Conversely, for TOC, 

TCE, and EP, the best values correspond to the minimum, as reducing total operating 

costs, total carbon emissions, and electricity peaks is desirable. In contrast, the worst 

values for these objectives are the maximum, as they represent higher costs, emissions, 

and peak loads, which are less favorable. These results highlight the trade-offs between 
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different objectives in MES-WSPHS optimal scheduling. Table 4.4 contains the results 

which show average value, best value, and worst value of FSMF, TOC, TCE, and EP. 

 

Table 4.4 The results of statistics data for FSMF, TOC, TCE, and EP. 

 BEST AVERAGE  WORST 
TOC 241,049.03 241,114.21 242,508.97 
TCE 18,317.69 18,331.56 18,358.05 
EP 1,570.8 1,579.3 1,731.5 

T
μ  0.6314 0.6298 0.6196 

 

 
(a) 

Figure 4.15 The total FSMF maximization for the power scheduling (a) electricity 
and (b) heat  
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(b) 

Figure 4.15 The total FSMF maximization for the power scheduling (a) electricity 
and (b) heat (Continued) 

 

 
(a) 

Figure 4.16 The total FSMF maximization for (a) The HS scheduling and (b) state of  
the tank 
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(b) 

Figure 4.16 The total FSMF maximization for (a) The HS scheduling and (b) state of 
the tank (Continued) 

 

 4.5.3 WSMO vs. FMOO Optimization in OMES-WSPHS 
  This section demonstrates the effectiveness of the WSMO method in 

identifying alternative solutions for the multi-objective optimization problem. Unlike 

the FMOO approach, WSMO provides a more straightforward mechanism by allowing 

decision-makers to assign weights to each objective based on their relative importance. 

To ensure that can consider all objectives with different units, normalization is 

required. Accordingly, in this study, all objectives are converted into cost-equivalent 

units, as described in Eq. (4.21). The performance of WSMO is illustrated in Fig. 4.17, 

which shows the power scheduling across each energy sector while maintaining the 

power balance constraint. Complementing this, Fig. 4.18 presents the scheduling of HS 

along with the corresponding SOT. Additionally, Fig. 4.19 displays the convergence 

behavior of the WSMO algorithm, further confirming the stability of the obtained 

results.  
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(a) 

 
(b) 

Figure 4.17 The WSMO performance for (a) electricity sector (b) heat sector 
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(a) 

 
(b) 

Figure 4.18 The WSMO performance for (a) The HS scheduling and (b) SOT 
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Figure 4.19 The convergence plot for WSMO technique  

 

Table 4.5 A summary of the improvements achieved between WSMO and FMOO 

Method 
Objective functions 

TOC TCE EP 
WSMO 240,467.46 18,528 1,536.9 
FMOO 241,049.03 18,317.69 1,570.8 

Percentage 
Difference (%) 

0.24% 1.13% 2.2% 

 

Within the OMES-WSPHS framework, WSMO successfully generates a set 

of compromise solutions. However, when compared to FMOO, the FMOO approach 

proposes enhanced outcomes in certain objectives due to its ability to better balance 

competing trade-offs through fuzzy decision-making. Therefore, although WSMO 

achieves slightly better results in terms of TOC and EP, FMOO offers a more balanced 

compromise by significantly reducing carbon emissions while only slightly increasing 

cost and peak load. This highlights FMOO’s superior capacity for handling trade-offs in 
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multi-objective scheduling problems under the OMES-WSPHS framework. A summary 

of the improvements achieved by each method is provided in Table 4.5. 

 

4.6 Chapter Summary 
 This chapter introduced the FMOO framework for the OMES-WSPHS, considering 

three key objectives including TOC, TCE, and EP minimization. The optimization process 

for single objective is conducted using a PSO-LP approach, and the FMOO technique 

is employed to evaluate trade-offs among competing objectives. The simulation results 

demonstrated that the proposed methodology effectively balances cost, 

environmental impact, and peak energy from grid generation. By constructing FSMF for 

each objective, a systematic decision-making approach is implemented to determine 

an optimal scheduling pattern that maximizes overall system performance. The 

findings highlight the effectiveness of fuzzy optimization in handling multi-objective 

problems within energy systems, ensuring an optimal compromise solution that 

enhances system efficiency and sustainability. Compared to the WSMO method, the 

FMOO approach provides more balanced and adaptable solutions by eliminating the 

bias introduced by predefined weighting factors. Instead, it evaluates the relative 

satisfaction levels of each objective, enabling the system to operate in a more 

compromise-oriented and practical manner, particularly under conflicting operational 

conditions. The results indicate that FMOO achieves a superior balance across all 

objectives. While TOC and EP exhibit slight increases, these changes occur as a trade-

off to significantly reduce the conflicting objective—TCE. Therefore, from the 

perspective of multi-objective compromise, FMOO demonstrates a more effective and 

harmonious performance. 

 

 



 

 

CHAPTER V 

UNCERTAINTY MODELING AND STOCHASTIC ANALYSIS FOR 

OMES-WSPHS INTEGRATION

 
5.1 General Introduction 
 In this chapter, the OMES-WSPHS integration is utilized as a stochastic analysis 

model to account for uncertainty variables, including fluctuations in weather modeled 

using Weibull distribution to represent RE generation and variations in end-user 

behavior to model multi-energy demand. The proposed approach minimizes TOC 

while ensuring system reliability and operational feasibility under uncertain conditions. 

The methodology employs a stochastic optimization process, leveraging MCS to 

handle uncertainties associated with renewable energy sources and energy demand 

variations. This chapter presents the performance evaluation of the proposed method 

and its effectiveness in achieving an optimal scheduling strategy for MES. 

 

5.2 Problem Formulation 
 The mathematical formulation remains consistent with the previous chapter, 

ensuring that the optimization framework aligns with the problem structure in Chapter 

3. Therefore, the objective function and constraints are retained as follows: Refer to 

Equations (3.21)–(3.31). 

 

 5.2.1 Uncertainty Variable Formulation 
  This section identifies the uncertainty variables considered in OMES-

WSPHS integration, including wind speed, solar irradiance, electricity load, and heat 

load. It also outlines the process of extracting historical data to generate uncertainty 
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data sets for solar and wind. In contrast, due to the lack of historical data, the 

uncertainty in electricity and heat load is modeled using percentage-based standard 

deviation assumptions. To formulate the probabilistic wind speed and solar irradiance 

model, the historical annual data need to extracted hour-by-hour in for reflects the 

fluctuation in that hour (Chayakulkheeree, 2013). Figure 5.1 shows the probabilistic 

wind speed and solar irradiance model preparation.  
 

DAY 1

DAY 2

DAY 365

kW

kW

kW

hour

hour

hour

hour 2

hour n

hour 24

 
Figure 5.1 The probabilistic wind speed and solar irradiance model preparation,  

adapted from Chayakulkheeree (2013) 

 

  The historical annual data of wind speed and solar irradiance are 

analyzed to determine their mean and variability. The mean value and its range (mean 

− SD to mean + SD) for solar irradiance are presented in Fig. 5.2 (subplot 1), while the 

corresponding power output from PVPs is shown in Fig. 5.2 (subplot 2). Similarly, the 

mean and its range for wind speed are illustrated in Fig. 5.3 (subplot 1), with the power 
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output from WTs displayed in Fig. 5.3 (subplot 2). For both power output, using the 

power conversion equations from Chapter 3 (Eq. 3.3–3.5). Figures 5.4 and 5.5 present 

box plots to illustrate the statistical distribution of data for solar energy and wind 

energy, respectively. The construction of model the variability of wind speed and solar 

irradiance, the Weibull distribution is fitted to the data. The PDF of the solar irradiance 

and wind speed can be modeled in Weibull distribution as shown in Eq. (5.1) and Eq. 

(5.2), respectively. The key parameters for this distribution are the shape and scale 

factors, which vary hourly to account for fluctuations. The corresponding shape and 

scale values for each hour are listed in Table 5.1. Using these parameters, random 

values are generated based on the Weibull distribution. 
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Figure 5.2 Mean, variability (Mean ± SD) of solar irradiance, and power output from  

PVPs 
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Figure 5.3 Mean, variability (Mean ± SD) of wind speed, and power output from WTs 

 

 
Figure 5.4 The box plots of solar irradiance and power output from PVPs 
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Figure 5.5 The box plots of wind speed and power output from WTs 

 

Table 5.1 The corresponding shape and scale values of wind and solar for each hour 

Hour 
Solar irradiance (Wh/m2) Wind speed (m/s) 

Shape (a) Scale (b) Shape (a)  Scale (b) 
1 0 0 2.899 5.47 
2 0 0 2.83 5.411 
3 0 0 2.729 5.367 
4 0 0 2.656 5.223 
5 0 0 2.611 5.088 
6 1.574 37.981 2.616 5.004 
7 3.417 187.173 2.708 4.98 
8 5.008 381.229 2.662 5.401 
9 6.103 566.063 2.621 5.585 
10 6.673 704.946 2.528 5.506 
11 6.682 778.166 2.388 5.322 
12 6.51 784.897 2.306 5.124 
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Table 5.1 The corresponding shape and scale values of wind and solar for each hour  

(Continued) 

Hour 
Solar irradiance (Wh/m2) Wind speed (m/s) 

Shape (a) Scale (b) Shape (a)  Scale (b) 
13 5.87 712.703 2.225 4.928 
14 5.142 588.970 2.278 4.806 
15 4.464 426.838 2.386 4.678 
16 3.335 246.762 2.643 4.454 
17 1.727 79.791 2.929 4.287 
18 1.785 10.216 2.924 4.518 
19 0 0 2.943 4.927 
20 0 0 3.004 5.184 
21 0 0 2.989 5.316 
22 0 0 3.042 5.425 
23 0 0 3.042 5.482 
24 0 0 2.96 5.493 

 

  Electricity and heat loads can be modeled using a normal distribution 

PDF, as this approach effectively captures the typical energy consumption patterns 

observed in industrial applications. The PDF representing the normal distribution of 

electricity and heat loads are given in Eq. (5.3) and (5.4), respectively.  
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  In this study, due to the absence of historical data, a percentage-based 

standard deviation assumption is adopted. Specifically, the mean values of electricity 

and heat load data are defined in Chapter 3, as shown in Fig. 3.4. The standard 

deviation is set at 2% of the mean value for each energy demand. The electricity and 
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heat loads are generated using the normal distribution model, their mean values and 

corresponding ranges (mean ± SD, mean ± 2SD, and ± 3SD) are illustrated in Fig. 5.6, 

where (a) represents electricity load and (b) represents heat load. Finally, the box plot 

for illustration of the statistical distribution of data for multi-energy loads can be shown 

in Fig. 5.7. 

 

 
(a) 

 
(b) 

Figure 5.6 The mean values and corresponding ranges (mean ± SD, mean ± 2SD,  
and ± 3SD) for (a) electricity load and (b) heat load 
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Figure 5.7 The box plots of electricity load and heat load 

 

 5.2.2 Probabilistic Technique Based on MCS 
  MCS has become a fundamental technique for modeling uncertainty in 

modern power systems. It is particularly valuable for its ability to handle high-

dimensional and nonlinear problems, which are commonly encountered in integrated 

energy systems with renewable energy sources. These systems often exhibit inherent 

variability due to the intermittent nature of renewable resources such as wind and 

solar power. The core principle of MCS involves performing a large number of 

simulations based on random sampling from probability distributions that describe the 

behavior of uncertain input variables (Metropolis & and Ulam, 1949). In probabilistic 

modeling of power and multi-energy systems, uncertain variables such as RE 

generation, load demand, and electricity market prices are typically represented using 

probability distributions derived from historical data. These distributions are selected 

to best reflect the statistical characteristics and variability of each parameter. Common 

choices include normal, log-normal, Weibull, beta, and gamma distributions, 
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depending on the data properties. MCS utilizes these distributions to generate 

numerous random scenarios, enabling a comprehensive evaluation of system 

performance under uncertainty without relying on overly simplified assumptions. This 

approach provides system planners with the ability to account for a wide range of 

possible outcomes and make more informed and flexible decisions. 

Each scenario generated by MCS represents a possible state of the 

system under a specific realization of uncertainty. These scenarios are processed 

through optimization models or system simulators to determine corresponding 

outputs, such as total operating cost, carbon emissions, reliability indices, or voltage 

stability margins. Statistical analysis of the results provides valuable insights into how 

uncertainties impact system performance. By integrating MCS into the modeling 

framework, the proposed approach enhances the robustness of scheduling decisions 

and allows system operators to prepare for a wide spectrum of potential operating 

conditions. This methodology not only supports risk-aware planning but also 

strengthens the flexibility and resilience of future intelligent energy systems. 

 

5.3 Stochastic Analysis for OMES-WSPHS Using MCS 
 In this section, MCS is applied to evaluate the impact of uncertainty in the 

OMES-WSPHS. Given the stochastic nature of wind and solar power generation, 

electricity and heat demand, and HS scheduling, MCS is utilized to assess system 

performance under various realizations of these uncertainties. The process begins by 

defining probability distributions for key uncertain parameters, such as wind and solar 

power fluctuations modeled using a Weibull distribution and electricity and heat 

demand variations modeled using a normal distribution. Random samples are then 

generated based on these distributions, and each sampled scenario is used to solve 

the OMES-WSPHS optimization problem. In this study, the MCS is set to run for 500 

iterations to ensure sufficient statistical representation of uncertainties. After 

completing the final iterations, it is necessary to verify the convergence of the 
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cumulative mean. The error of the cumulative mean can be determined based on the 

percentage calculation of the previous final iteration and the final iteration. If the 

resulting error is less than 1%, it indicates that the solution has successfully converged. 

A flowchart illustrating the MCS procedure for OMES-WSPHS is presented in Fig. 5.8. 

 
Start

Acquire the historical data and extracted hour-by-hour for solar 

irradiance and wind speed for model Weibull distribution.

Assume the fluctuation multi-energy load for model normal 

distribution 

Solve PSO with objective function (TOC) subjected to 

constraints to obtain optimal PE, PNG, PEL, and PFC of each 

population matrix.

Does any constraint violate its limit ?

PNF = 0

PNF =  Eq. (4.11)

Obtain pbest and gbest from the minimum TOC of each particle 

and all particles respectively.

Update all particles

Does the compute reach maximum number of 

iteration or less than function tolerance?

Stop

Yes

No

Yes

No

Setting the MCS iteration and cumulative convergence criteria

Does the compute reach maximum number 

of MCS iteration and successfully converged?

Yes

No

Starting count n = 1 iteration

Find the minimum TOC in the final iteration of the                

PSO algorithm.

Iteration n = n+1

 
Figure 5.8 The flow chart of MCS procedure for OMES-WSPHS  
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 The randomly sampled solar irradiance values are illustrated in Fig. 5.9, while 

the wind speed values are depicted in Fig. 5.10, leading to the corresponding electrical 

power output shown in Fig. 5.11. Additionally, both energy loads incorporate the 

uncertainty data from Fig. 5.6. Ultimately, all uncertainty parameters are considered as 

variable power generation inputs for determining the probabilistic solution. The results 

from multiple iterations are collected and analyzed using statistical measures, offering 

valuable insights into the feasibility of multi-energy scheduling under uncertainty. 

 

 
Figure 5.9 The box plot of Randomly generated solar irradiance values based on the  

Weibull distribution 
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Figure 5.10 The box plot of Randomly generated wind speed values based on the  

Weibull distribution 

 

 
Figure 5.11 The box plot of electrical power output derived from Weibull-distributed  

solar irradiance and wind speed 
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5.4 Simulation Results 
 The cumulative mean of TOC over 500 iterations, as shown in Fig. 5.12, 

demonstrates the convergence behavior of the stochastic optimization process, 

specifically MCS. The results indicate a rapid initial decline in TOC, followed by 

stabilization after approximately 150 iterations. Beyond 300 iterations, TOC remains 

steady. Notably, when MCS reaches 500 iterations, the cumulative mean error defined 

as the difference between the previous final iteration and the final iteration falls to 

0.0019%, below the 1% threshold, confirming that additional calculations are 

unnecessary. This demonstrates that the stochastic modeling approach handles 

uncertainty within the OMES-WSPHS integration. Consequently, the proposed 

framework minimizes operational costs while maintaining stability under uncertain 

conditions. 

 

 
Figure 5.12 The cumulative convergence plot of MCS for TOC 

 

 In the MCS procedure, the probabilistic variables include power from solar and 

wind, as well as electricity and heat load. All probabilistic variables simultaneously 
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influence the results, making TOC, PE, PNG, PFC, and PEL probabilistic as well. The 

histogram plot and PDF fitting of TOC are illustrated in Fig. 5.13, with two fitted 

distributions: normal and Weibull. In this study, the normal distribution is found to be 

more optimal than the Weibull distribution, as indicated by the log-likelihood value, 

which has the smallest negative value—determining the best-fitting PDF for this data. 

The log-likelihood values of both distributions are presented in Table 5.2. Furthermore, 

the stochastic nature of the analysis introduces additional variability in TOC compared 

to the deterministic case. Due to the inherent uncertainties in renewable energy 

generation and demand variations, the probabilistic approach results in a higher TOC 

than a deterministic model, where all parameters are assumed to be known and fixed. 

This increase in TOC reflects the cost of accounting for uncertainties and ensuring 

system reliability under variable operating conditions. 

 

 
Figure 5.13 The PDF of TOC data 

 

Table 5.2 The TOC log-likelihood of both distribution 

Distribution Normal Weibull 
Log-likelihood -5,357.38 -5,392.97 
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The power scheduling results, including power from the grid and NG, are 

illustrated in Figs. 5.14 and 5.15. Since the data incorporates hourly uncertainties, a 

box plot should be used for visualization to effectively represent the range of data for 

each hour. Figures 5.16 and 5.17 illustrate the scheduling of HS under uncertainty 

conditions. The results highlight variations in power dispatch from EL and FC across 

different simulation iterations and hours. Additionally, the details of all discussed 

variables such as power scheduling from electricity, NG, and HS are provided in 

Appendix B. 

 

 
Figure 5.14 The box plot of PE scheduling solution 
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Figure 5.15 The box plot of PNG scheduling solution 

 

 
Figure 5.16 The 3D plot of PEL scheduling solution 
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Figure 5.17 The 3D plot of PFC scheduling solution 

  

 In Fig. 5.16, the 3D plot of PEL scheduling reveals that the EL operates at higher 

power levels primarily from the morning to the afternoon. This scheduling pattern is 

influenced by the availability of surplus RE, particularly wind-solar power, which is 

more abundant during these hours. EL scheduling tends to reach near-rated power 

levels, indicating that the system maximizes hydrogen production when excess energy 

is available. This approach ensures efficient energy utilization and prepares sufficient 

hydrogen storage for later use. The scheduling also exhibits some variations due to 

uncertainty, but the general trend remains consistent, favoring high-power operations 

during periods of high RE generation. On the other hand, Fig. 5.17 illustrates the PFC 

scheduling, which exhibits a different pattern compared to EL. The FC operates more 

frequently in the afternoon and night, aligning with periods when electricity demand 

is higher, and EL does not generate power. Unlike EL, FC does not operate at high 

power levels but instead follows a strategy of frequent scheduling with relatively low 

power output. This scheduling behavior ensures a steady supply of electricity from HS 

while preventing excessive depletion of stored hydrogen. The contrast between PEL 

and PFC scheduling highlights the coordinated operation of HS, where hydrogen is 
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efficiently produced and stored during high renewable generation hours and 

subsequently utilized in a controlled manner to balance the power demand in later 

hours. 

 

5.5 Chapter Summary 
 The chapter presents an optimization framework that minimizes TOC and 

ensures system stability under uncertainty. The integration of WSPHS improves MES 

performance by efficiently using wind-solar energy and optimizing HS scheduling. The 

convergence analysis using MCS confirms the approach's robustness, with the final 

cumulative mean error falling below the 1% threshold. The study emphasizes the 

importance of stochastic modeling in RE generation and multi-energy demand. This 

result demonstrates an increase of TOC from the deterministic case, which indicates 

that the uncertainty influences the objective function. However, the most suitable PDF 

fitting for TOC in this work is normal distribution due to a lower log-likelihood. 
 

 

 



 

 

CHAPTER VI 

CONCLUSION 

 
 This thesis has proposed the OMES-WSPHS integration under various conditions. 

The first study focuses on minimizing TOC using two pricing mechanisms: TOU scheme 

and RTP scheme. In the TOU cases, different case studies are analyzed to assess TOC 

reduction when multi-energy sources are coordinated effectively. Additionally, the 

PSO-LP algorithm is proposed to optimize the scheduling problem. A comparative 

analysis between conventional PSO and PSO-LP reveals that PSO-LP achieves a near-

global optimal TOC more effectively than conventional PSO. However, PSO performs 

better in terms of computational runtime, making both methods suitable for daily 

scheduling applications. The results highlight the benefits of multi-energy coordination 

and the integration of high penetration RE in achieving an optimal TOC. 

 For multi-objective optimization, the FMOO method is employed for OMES-

WSPHS integration. The objective functions include TOC, TCE, and EP minimization. 

FMOO addresses this multi-objective problem by constructing FSMF using PSO-LP to 

obtain optimal single-objective solutions. Subsequently, PSO is utilized to maximize 

FSMF, ensuring a balanced trade-off among the conflicting objectives. The results 

demonstrate a compromise solution among TOC, TCE, and EP, leading to an effective 

balance between economic cost, environmental impact, and grid electricity demand 

reduction. For comparison, WSMO is also considered, providing an alternative 

compromise solution based on assigned weightings of the objectives. However, the 

FMOO approach enables a more flexible and informed decision-making process by 

considering the satisfaction levels of all objective functions simultaneously, leading to 

a compromise solution that avoids favoring any single objective too heavily.  
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 The stochastic analysis of OMES-WSPHS integration examines probabilistic 

scheduling under uncertain conditions for TOC minimization. MCS is employed to 

evaluate the fluctuations in RE generation and energy loads, requiring multiple 

iterations to generate probabilistic results. The stochastic model considers four 

uncertain input variables, leading to four uncertain decision variables and one 

uncertain objective function. The results indicate an increase in TOC compared to the 

deterministic case, emphasizing the impact of uncertainty on the objective function. 

Among the probability distributions tested, the normal distribution is found to be the 

best fit for TOC in this study, as evidenced by a small negative log-likelihood value 

compared to Weibull distribution. 

 Overall, this study provides a comprehensive approach to optimize scheduling 

with MES-WSPHS integration model. The findings confirm that can improve cost-

effectiveness while reducing environmental impact and peak electricity demand. The 

proposed PSO-LP algorithm successfully enhances scheduling efficiency, and the 

FMOO approach effectively balances conflicting objectives. Furthermore, stochastic 

analysis highlights the influence of uncertainty on TOC, reinforcing the need for 

probabilistic methods in energy system modeling. Future work may explore more 

advanced optimization techniques, expand uncertainty modeling, or extend the 

proposed framework to larger-scale multi-energy systems. 
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APPENDIX A 

Every energy profile for used in deterministic studies 
 

Table A.1 Electricity load profile (Base load 2 MW) 

Hour Load (p.u.) Hour Load (p.u.) Hour Load (p.u.) 
1 0.732 9 0.710 17 0.798 
2 0.682 10 0.737 18 0.788 
3 0.638 11 0.762 19 0.964 
4 0.613 12 0.747 20 1 
5 0.636 13 0.719 21 0.967 
6 0.733 14 0.825 22 0.906 
7 0.715 15 0.840 23 0.867 
8 0.674 16 0.845 24 0.802 

 

Table A.2 Heat load profile (Base load 2 MW) 

Hour Load (p.u.) Hour Load (p.u.) Hour Load 
(p.u.) 

1 0.650 9 0.983 17 0.858 
2 0.667 10 0.992 18 0.825 
3 0.650 11 0.992 19 0.808 
4 0.650 12 1 20 0.808 
5 0.725 13 1 21 0.800 
6 0.800 14 0.975 22 0.797 
7 0.875 15 0.958 23 0.717 
8 0.950 16 0.900 24 0.650 
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Table A.3 Solar power profile 

Hour Generation 
(kW) 

Hour Generation 
(kW) 

Hour Generation 
(kW) 

1 0 9 484.224 17 369.615 
2 0 10 696.251 18 137.531 
3 0 11 868.164 19 5.730 
4 0 12 999.965 20 0 
5 0 13 999.965 21 0 
6 0 14 939.795 22 0 
7 34.383 15 787.938 23 0 
8 243.544 16 598.833 24 0 

 
Table A.4 Wind power profile 

Hour Generation 
(kW) 

Hour Generation 
(kW) 

Hour Generation 
(kW) 

1 0 9 2000 17 469.543 
2 109.424 10 2000 18 568.678 
3 1860.538 11 852.158 19 0 
4 2000 12 163.339 20 0 
5 2000 13 121.572 21 31.561 
6 2000 14 1103.843 22 36.961 
7 2000 15 1131.437 23 109.425 
8 2000 16 469.543 24 73.306 

 



 

 

APPENDIX B 

Hourly probabilistic scheduling results  
(Graphical Data visualization) 

 

  

  

  
Figure B.1 The PDF of PE scheduling in operating hours 
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Figure B.1 The PDF of PE scheduling in operating hours (Continued) 
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Figure B.1 The PDF of PE scheduling in operating hours (Continued) 
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Figure B.1 The PDF of PE scheduling in operating hours (Continued) 

 

 

 

  

  
Figure B.2 The PDF of PNG scheduling in operating hours 
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Figure B.2 The PDF of PNG scheduling in operating hours (Continued) 
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Figure B.2 The PDF of PNG scheduling in operating hours (Continued) 
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Figure B.2 The PDF of PNG scheduling in operating hours (Continued) 

 

 

 

  
Figure B.3 The bar plot of PEL which is hydrogen charging in operating hours 
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Figure B.3 The bar plot of PEL which is hydrogen charging in operating hours 

(Continued) 
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Figure B.3 The bar plot of PEL which is hydrogen charging in operating hours 

(Continued) 
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Figure B.3 The bar plot of PEL which is hydrogen charging in operating hours 

(Continued) 
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Figure B.4 The bar plot of PFC which is hydrogen discharging in operating hours 
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Figure B.4 The bar plot of PFC which is hydrogen discharging in operating hours  

(Continued) 
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Figure B.4 The bar plot of PFC which is hydrogen discharging in operating hours  

(Continued) 
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Figure B.4 The bar plot of PFC which is hydrogen discharging in operating hours  

(Continued) 
 

 

 



 

 

APPENDIX C 

Detailed Simulation Results for Varying Initial Pressure in Case V under 
TOU Tariffs Considerations 

 

This appendix presents the simulation results for various initial pressure values 
tested under OMES-WSPHS model with TOU tariffs in Case V. The results provide 
insights into how different initial pressure values impact system performance, as 
objective function in TOC. The data are organized as follows: 

 
Table C.1 Simulation results for 40 bar Initial pressure 

Energy scheduling Energy (kWh) Costs TOC 
Electricity 13,698.62 51,399.14 

240,717.78 NG 47,329.66 189,318.64 
HS 6,531.35 - 

 
Table C.2 Simulation results for 60 bar Initial pressure 

Energy scheduling Energy (kWh) Costs TOC 
Electricity 13,697.84 52,543.83 

241,862.47 NG 47,329.66 189,318.64 
HS 6,533.94 - 

 
Table C.3 Simulation results for 80 bar Initial pressure 

Energy scheduling Energy (kWh) Costs TOC 
Electricity 14,019.32 54,880.09 

244,113.58 NG 47,308.37 189,233.49 
HS 5,535.44 - 
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(a) 

 
(b) 

Figure C.1 (a) HS scheduling for 24 hours and (b) SOT 40 bar Initial pressure 
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(a) 

 
(b) 

Figure C.2 (a) HS scheduling for 24 hours and (b) SOT for 60 bar Initial pressure 
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(a) 

 
(b) 

Figure C.3 (a) HS scheduling for 24 hours and (b) SOT for 80 bar Initial pressure 
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