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Abstract 

Renewable energy (RE) resources are relatively unpredictable and dependent on climatic 

conditions. The negative effects of existing randomness in RE resources can be reduced by the 

integration of RE resources into what is called Hybrid Renewable Energy Systems (HRES). The 

design of HRES remains as a complicated problem since there is uncertainty in energy prices, 

demand, and RE sources. In addition, it is a multi-objective design since several conflicting 

objectives must be considered. In this thesis, an optimal sizing approach has been proposed to 

aid decision makers in sizing and performance analysis of this kind of energy supply systems.  

First, a straightforward methodology based on ε-constraint method is proposed for optimal sizing 

of HRESs containing RE power generators and two storage devices. The ε-constraint method has 

been applied to minimize simultaneously the total net present cost of the system, unmet load, and 

fuel emission. A simulation-based particle swarm optimization approach has been used to tackle 

the multi-objective optimization problem.  

In the next step, a Pareto-based search technique, named dynamic multi-objective particle swarm 

optimization, has been performed to improve the quality of the Pareto front (PF) approximated 

by the ε-constraint method. The proposed method is examined for a case study including wind 

turbines, photovoltaic panels, diesel generators, batteries, fuel cells, electrolyzers, and hydrogen 

tanks. Well-known metrics from the literature are used to evaluate the generated PF.  

Afterward, a multi-objective approach is presented to consider the economic, reliability and 

environmental issues at various renewable energy ratio values when optimizing the design of 

building energy supply systems. An existing commercial apartment building operating in a cold 

Canadian climate has been described to apply the proposed model. In this test application, the 

model investigates the potential use of RE resources for the building. Furthermore, the 
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application of plug-in electric vehicles instead of gasoline car for transportation is studied. 

Comparing model results against two well-known reported multi-objective algorithms has also 

been examined.  

Finally, the existing uncertainties in RE and load are explicitly incorporated into the model to 

give more accurate and realistic results. An innovative and easy to implement stochastic multi-

objective approach is introduced for optimal sizing of an HRES.  
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Chapter 1 

 Introduction 1.

 

 

 

 

 

 

 

 Background  1.1.

1.1.1. Renewable Energy Sources 

Energy is assumed as a production factors same as labor, capital, and land. Hence, the efficient 

use of energy can reduce total cost of a system and minimize negative environmental impacts.  

Presently, the major share of total energy use (more than 80%) is related to  traditional fuels such 

as oil, coal, and natural gas [1]. The increasing demand for energy leads to dramatic consumption 

of fossil fuels and fast rising energy prices. Moreover, conventional energy resources are 

bounded, scarce and quickly diminishing, which make an unbalanced condition for the future 

energy supply and demand sectors. Besides, the growing consumption of fossil fuels has 

significant impact on the level of greenhouse gas (GHG) emissions and global warming [2]. 

Fluctuation of energy prices endangers the energy security of fuel-importing countries. 

Additionally, the Kyoto protocol adopted in 1997 has obligated countries to reduce greenhouse 

gas emissions [3]. Therefore, developing a sustainable energy system, which is defined as an 

eco-friendly system, is mandatory to tackle the mentioned challenges [2]. Renewable energy 
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(RE) sources including solar, hydro, wind, biomass, and geothermal are appropriate options for 

such systems. The common characteristic of RE resources is that they are replaced in a very 

short time contrary to fossil fuels that take years to be replenished [4]. In addition, REs can 

decrease GHG, reduce transmission losses, and increase energy security. These can be 

interpreted as sensible reasons that has accelerated the advancement of RE technologies in recent 

years.  

 

1.1.2. Hybrid Renewable Energy Systems 

Renewable energy resources are relatively unpredictable and dependent on climatic conditions 

[5]. For example, solar energy is available in the daytime but when it comes to nights, other 

energy alternatives or stored energy is requested. Therefore, renewable energy resources 

individually may not meet the energy demand of a given area independently. In this context, a 

combination of renewable energy sources can reduce the impact of uncertainties existing in Res 

and makes them more reliable. The integration of renewable energy sources, which is named 

hybrid renewable energy system (HRES), can be categorized into two main types:  stand-alone 

or  grid-connected type [6], [7]. In a grid-connected or parallel application, HRESs can be 

connected to electricity grids to buy or sell electricity at a predefined price whenever there is 

excess energy or energy deficiency. The stand-alone or off-grid application is appropriate to 

provide the energy needs of remote areas where an electrical network is not available or it is 

costly to install an electricity grid. Hence, HRESs are becoming popular for remote area power 

generation applications as they are often the most cost-effective and reliable way to produce 

energy for this application.   
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1.1.3. Optimal Design of HRESs   

It can be a challenge to decide where renewable energy systems should be established, and what 

combination or corresponding capacities of RE technologies are required to be installed [1]. 

These challenges have motivated researchers to develop models for optimal design of HRESs. 

That design problem means identifying the best combination of RE technologies as well as 

recognizing their optimal capacities that is needed to provide required energy. It can make using 

RE more cost effective and reliable. In recent years, numerous researches have been conducted 

for optimal design of an HRES but it still remains a complex problem due to precarious energy 

prices, fluctuations in energy demand, and uncertainties existing in RE resources. Moreover, 

environmental issues are becoming increasingly important in the design phase of energy systems 

[2]. Hence, in the design step of these facilities, many aspects must be taken into account such as 

the total cost of the system, environmental concerns, reliability, and power quality. In order to 

handle such a complex problem, multi-objective optimization methods are needed to tackle the 

issue of conflicting objective functions. Due to the complexity of optimal design of an HRES, 

classical optimization techniques are not able to effectively and efficiently find a solution [3]. In 

these cases, meta-heuristic techniques are proposed to deal with these complicated optimization 

models where the classical approaches are not able to obtain good results. A meta-heuristic is 

formally defined as an “iterative generation  process which guides a subordinate heuristic by 

combining  intelligently different concepts for exploring and exploiting the search space, 

learning strategies are used to structure  information in order to find efficiently near-optimal 

solutions” [8].   
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 Research Aims  1.2.

The main goal of this study is to establish a general methodology for stochastic multi-objective 

optimal design of a hybrid renewable energy system including various generators and storage 

devices. That is, the final aim would be developing an efficient and effective engineering tool to 

handle the multi-objective problem incorporating uncertainties existing in RE resources and 

energy demand.  Thus, this study deals with optimal sizing of HRESs to meet a specified 

reliability, minimize total net present cost (NPC) and pollution emission, and maximize 

renewable energy ratio (RER).  

 

1.2.1. Problem Definition 

Hybrid renewable energy systems have been identified as the empirical options for power 

generating in remote areas where extending the electricity network is too expensive to supply 

required electricity. Their application in grid-connected situations can be justified when the 

objectives of reduction in CO2 emission and increasing RER would be integrated with economic 

goals. The typical drawback distinguishing RE resources is that these sources are dependent on 

climatic conditions and therefore naturally uncertain [9]. Furthermore, it is difficult to predict the 

energy load as it fluctuates through seasons, even it changes hourly. Thus, these energy supply 

systems generally have to be designed with high reliability and small loss of power supply 

probability as they usually run in off-grid condition. Additionally, the design of such systems 

must be cost-effective with highest efficiency as they should produce electricity with minimum 

cost and maximum efficiency.   

Optimal design of an HRES requires correct selection and sizing of different options based on an 

appropriate optimization strategy. Figure 1-1 demonstrates a sample HRES including n 
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generators to provide required energy. Without considering the design optimization, there is a 

possibility that the selected size of these energy generators be above the required capacities and 

consequently resulting in a higher cost. Hence, in the design phase of these generators, it is 

desired to evaluate any possible configuration of {G1, G2, …, Gn} to get the optimal alternative 

and the corresponding optimal capacity of selected generators based on a set of predefined 

criteria.  

 

Figure 1-1: Example of an HRES 

Although the optimal design of an HRES can make it cost effective, reliable and environment 

friendly, it still remains a complex problem due to precarious energy prices, fluctuations in 

energy demand, and uncertainties in RE resources. Moreover, non-linear characteristics of RE 

technologies makes the HRES difficult to be designed and their performance be evaluated [10]. 

In order to handle such a complicated problem, complex optimization methods have been 

employed to find optimum solution in a reasonable time.   

In line with the mentioned concepts, this study attempts to emphasize multi-objective 

optimization of sizing an HRES. The main aim of the model is to investigate the interaction 

between the environment, reliability, and economy to design an HRES within different values of 

renewable energy ratio (RER) as shown in Figure 1-2. RER is defined as the amount of used 

renewable energy divided by used total primary energy. The objective function of the 

G1 

. 

. 

. 

Load 
G2 

Gn 
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optimization model can be the maximization of reliability, the minimization of net present cost, 

CO2 emission, and the maximization of RER of the employed HRES. The results of the approach 

are optimal size of components and optimal energy flow between these components.  

 

Figure 1-2: Interaction between HRES and employed objective functions 

Therefore, this research deals with the problem of multi-objective optimal sizing of an HRES. 

Different multi-objective optimization methods incorporating uncertainties or deterministic 

approaches are developed to return the optimal or near optimal design of an off-grid and grid- 

connected application of HRES. The employed multi-objective optimization methods are 

implemented using meta-heuristic approaches.   

 

1.2.2. Research Motivation 

In the last decade, many authors developed optimization methods for optimal design of an HRES 

considering several objectives such as minimization of fuel emission, maximization of reliability, 

or minimization of cost. In general, the optimization methodologies which were performed in the 

related literature can be divided into two main groups named single objective and multi-objective 

optimization framework. Mostly,  previous studies have been carried out based on the single 

objective optimization framework  [11]. They essentially considered the economic performance 

HRES 

 

RER 

Environment Economy 

Reliability 
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as the design criterion. Although those studies delivered promising results, they did not address 

the emission affect and reliability analysis of HRES. In addition, their studies lack the 

capabilities of providing a set of alternative solutions that compare different objectives against 

each other.  

Multi-objective optimization framework is another approach that has been used to design an 

HRES. By considering conflicting objectives, a set of solutions can be generated which are 

recognized as non-dominated, non-inferior, or Pareto front (PF) [12]. In general, there are two 

types of search techniques to tackle multi-objective optimization (MOP) formulations called 

Pareto-based techniques and non Pareto-based techniques [13]. The basic idea of Pareto-based 

techniques is that Pareto front is directly generated by using ranking and selection over 

populations [12]. It requires a ranking procedure and a technique to maintain diversity in the 

population [12]. Non Pareto- based techniques are approaches that do not directly incorporate the 

concept of Pareto optimum [12]. 

 Presently, few articles applied MOP to design an HRES usually using Pareto-based techniques 

which require ranking and pairwise comparison operations. Most of them used well-known MOP 

algorithms without modifications while an efficient meta-heuristic algorithm requires 

modifications to be adapted for a specific problem. In addition, there is a drawback of generating 

a high performance PF. That is, in previous study, the quality of PF is neglected while an 

important issue in MOP is the quantitative evaluation of the quality of the approximate set. On 

the other hand, literature review shows that the number of researches on MOP framework is not 

comparable to studies followed the single objective methodology. Moreover, in the related 

literature, there is a lack of studies that consider the trade-off between system emission, system 

reliability, system cost, and renewable energy ratio (RER). Furthermore, there are not enough 
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algorithms developed to cope with stochastic analysis of the design process of HRES.  Moreover, 

available tools do not deal with providing energy simultaneously for appliance, heating, cooling, 

and transportation sectors.  

However, persisted research and development are still required to improve these systems sizing 

process. This research has advanced to incorporate a number of these current research gaps.  

 

1.2.3. Research Objectives 

The chief aim of this thesis is to develop an optimal sizing approach to efficiently and 

economically employ RE resources. This optimization tool can be applied in the feasibility study 

of an HRES to identify the optimal capacity of different RE suppliers and assist decision makers 

in their performance analysis. For this purpose, the developed tool would get the hourly climate 

data of a given location, its fluctuating energy demand, and the economic characteristic of HRES 

to identify the size and the type of examined components based on the most fitted options. 

Therefore, the tool would integrate an optimization algorithm and a simulation approach to attain 

the most favorable composition of the examined HRES.  In this thesis, the economic model 

containing total net present cost, the reliability model of loss of load probability (LLP), total fuel 

emission, and renewable energy ratio are presented for system configurations evaluations rather 

than the system components models. Different search techniques have been proposed to optimize 

simultaneously the mentioned objectives when the goal is computation time or it would be 

generating a higher performance PF than well-known MOP approaches. Finally, the proposed 

approach is aimed to address the uncertainties existing in RE resources and energy load. Briefly, 

the general objective of this thesis is summarized into addressing the following research 

questions. 
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 For a given load characteristic, what is the optimal combination and component size of an 

HRES by which the HRES will be cost-effective, reliable and environmentally friendly? 

That is, what is the competition between renewable energy resources to meet energy 

demand of a given area? 

 What is the economic and environment impact of an HRES with different renewable 

energy ratio? 

 How much GHG emission decline can be achieved by the application of HRESs? 

 How the quality of generated PFs for the mentioned multi-objective problem can be 

quantified and measured? 

 How much considering required energy for transportations rather than heating, cooling, 

and electricity load does affect the configuration of HRESs?  

 What is the impact of uncertainties (randomness in wind speed, solar irradiation and 

energy load) on the design of an HRES? 

 

1.2.4. Significance of the Research 

As mentioned in Section  1.2.2, in spite of the huge number of articles in the literature regarding 

optimal design of HRES, there is still plentiful room for advancing the design procedure of these 

energy supply systems.  In this thesis, to fill the gap of the existing related literature, various 

multi-objective optimization approaches enhanced simulation-based optimization methods are 

developed. The advantages of these developed methodologies are summarized as the following. 

 Creating an optimization tool for optimal design of an HRES in order to find the optimal 

capacity and type of its components.  
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 Proposing a novel approach based on ε-constraint method for optimal design of HRES 

including various generators and storage devices. The attractive features of this proposed 

approach are its simplicity and the relatively less computational effort. Moreover, the 

proposed model is flexible to consider simultaneously more renewable sources and storage 

devices. 

 Establishing an innovative approach named Dynamic Multi-Objective Particle Swarm 

Optimization algorithm to generate a higher performance PF than well-known MOP 

approaches.  

 Performing a multi-objective optimization methodology to examine renewable energy ratio 

as an objective function rather than the economic and environmental issues when 

optimizing the design of buildings energy supply system.    

 Studying a comprehensive energy supply system in which required energy for 

transportation load is considered rather than electricity, heating, and cooling load.  

 Developing a new stochastic multi-objective methodology to incorporate the existing 

uncertainties in RE resource and energy load when sizing a buildings energy supply 

system. A MOP incorporating a comprehensive stochastic analysis is implemented to size 

the renewable energy suppliers of a building. In other words, the randomness in wind 

speed, solar radiation, ambient temperature, electricity load, heating and cooling load, hot 

water demand (HWD), and transportation load are simultaneously considered in the sizing 

process of HRESs. 
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 Outline of the Thesis 1.3.

In this thesis, in order to introduce an appropriate tool for optimal design of an HRES, a 

methodology is followed that is described in Figure 1-3.  First, the optimization problem is 

considered in a mathematical form. The energy analysis, reliability, and fuel emission of the 

HRES must be mapped mathematically. The mathematical model for HRES components are 

implemented in a simulation module. Meta-heuristic multi-objective optimization algorithms 

based on particle swarm optimization (PSO) are developed to search the optimal solution of the 

optimization problem. The simulation and optimization part are executed in C++ programming 

environment. The required input data for a case study such as meteorological data, economic 

data, and load profile are entered to the developed model to get a proper PF. Finally, a sensitivity 

analysis is run to study the impact of used parameters’ values on the obtained results. This 

general process that is shown in the right side of the depicted methodology (Figure 1-3) is 

repeated in the rest of the thesis (Chapter 2 to 5). This thesis is provided in a sandwich format 

merging four papers that are separated into different chapters beginning with Chapter  2 as 

described in Figure 1-3 as well. 



12 

 

 

Figure 1-3: The research methodology integrated with the organization of the thesis  

Chapter two proposes a novel approach with emphasis on simplicity or computational effort to 

find the optimal sizing of an HRES. The chapter introduces an ε-constraint method, which is a 

non Pareto-based search technique for the purpose of HRES design.  First, the recent related 

literature in the area of optimal design of HRES is reviewed according to using single objective 

or multi-objective approaches. Then, the developed multi-objective problem is described by 

covering its objective functions, constraints, decision variables and the mathematical models 

used in the simulation. Moreover, the proposed simulation-PSO based approach is presented to 

solve the developed MOP. Chapter  2 also exhibits the results of the developed tool in the 

application of a case study taken from the literature along with its sensitivity analysis result.  

In Chapter three, a Pareto-based search technique named dynamic multi-objective particle swarm 

optimization (DMOPSO) has been performed to improve the quality of approximated PF in 

Chapter two. First, the literature on optimal design of HRES is updated to include recent studies 
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containing multi-objective design of an HRES.  Furthermore, it discusses the idea of how well-

known metrics are used to evaluate the generated Pareto front. The chapter shows the result of 

proposed DMOPSO by applying it into the same case study used in Chapter two and with 

comparison against three popular multi-objective algorithms.   

Chapter four presents a multi-objective approach to consider the economic, reliability and 

environmental issues at various renewable energy ratio values when optimizing the design of 

buildings energy supply system. An existing apartment building operating in cold Canadian 

climate is described to apply the proposed model. In this test application, the model investigates 

the potential of using a heat pump, biomass boiler, wind turbines, solar heat collector, 

photovoltaic panels, and heat storage tank to produce renewable energy for the building. 

Furthermore, the application of plug-in electric vehicles instead of gasoline car for transportation 

is studied in this chapter. That is, this chapter studies a comprehensive energy supply system, 

which is considering required energy for transportation rather than electricity, heating, and 

cooling load. The detail mathematical model of components and optimization problem is 

presented in the chapter. Comparing model results against two well-known reported multi-

objective algorithms is also examined in this chapter. Furthermore, it represents the sensitivity 

analysis of the studied multi-objective optimization problem with respect to the entered data of 

inspected case study. It also covers the simulation result of components over one sample year.  

The developed model in Chapter four would be more accurate and the decision is more realistic, 

if the characteristic of uncertainties are explicitly incorporated. In Chapter five, the developed 

model in the previous chapters is extended and introduces an innovative and easy to implement 

stochastic multi-objective approach. It incorporates the existing uncertainties in RE resource and 

energy load when sizing a buildings energy supply system. In other words, this chapter is the 
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extension of the developed model in Chapter  4 with difference in involving the stochastic 

evaluation instead of using a deterministic design methodology. Additionally, simple methods 

for synthetic generation of daily load profile and weather data has been employed to handle the 

existing uncertainties in the model. The chapter also explains the sampling average 

approximation which is integrated with DMOPSO to help in solving the complex optimization 

problem. The generated solutions by the implemented approach are evaluated by comparing with 

the solutions obtained by deterministic analysis. Then, a sensitivity analysis is carried out to 

identify the economic parameters that have significant impact on the design objectives.  

Lastly, in Chapter six, the key findings, limitations and the implications of the thesis are 

summarized. Then, the chapter covers some recommended directions for future work.  
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Chapter 2 

 Multi-Objective Optimal Design of Hybrid Renewable Energy Systems 2.

Using PSO-Simulation Based Approach 

 

 

 

 

 

 

 Abstract 2.1.

Recently, increasing energy demand has caused dramatic consumption of fossil fuels and 

unavoidable rising energy prices. Moreover, environmental effects of fossil fuels led to the need 

of using renewable energy (RE) to meet the rising energy demand. Unpredictability and cost are 

the main challenges of renewable energy usage. In this direction, the integration of RE 

technologies to meet the energy demand of a given area can overcome the RE challenges. In this 

study, a novel approach is proposed for optimal design of hybrid renewable energy systems 

consisting of various energy suppliers and storage devices. ε-constraint method has been applied 

to minimize simultaneously total cost of the system, unmet load, and fuel emission. A particle 

swarm optimization- based simulation approach has been used to tackle the multi-objective 

optimization problem. The proposed approach has been tested on a case study of an HRES 

system that includes wind turbines, photovoltaic (PV) panels, a diesel generator, batteries, a fuel 

cell (FC), an electrolyzer and  a hydrogen tank. Finally, a sensitivity analysis study is carried out 

to investigate the sensitivity of different parameters to the developed model. 



18 

 

 Introduction  2.2.

Sustainable energy systems have a pivotal role to overcome concerns about global warming and 

the depletion of conventional energy resources. RE systems as sustainable energy suppliers can 

decrease greenhouse gas emission, transmission and transformation losses, and increase energy 

security.  Stand-alone RE sources may not meet the hourly energy demand either due to the lack 

of the energy source level or its time variability. Hence, HRES can reduce the impact of 

uncertainties of RE resources. In addition, the optimal design of HRESs makes them cost 

effective, reliable and environment friendly.  

Optimizing the design of an HRES is essential especially with the high present cost of an HRES 

and consequently adopting a suboptimal design can significantly affect the economic 

performance of the HRES on the long run. Furthermore, the Kyoto protocol, adopted in 1997, 

obligates industrialized countries to reduce GHG emissions. Hence, more research is required to 

minimize total cost and fuel emission.  

Due to the complexity of optimal design of an HRES, classical optimization techniques are not 

able to tackle the complicated optimization problems where the effectiveness or efficiency of 

meta-heuristics techniques is proved [1]. Particle swarm optimization approach is one of the 

meta-heuristic approaches that can be used for solving many complex problems. PSO is based on 

swarm intelligence. Compared with other meta-heuristics algorithms, PSO is simple and easy to 

implement, and it needs fewer parameters [2].  

Optimization techniques need explicit mathematical representation of systems. With complex 

optimization problems, it is difficult to use mathematical models since the system has a high 

dimensional space or non-linear nature. On the other hand, simulation can be used as a tool for 

evaluating the performance of complex systems with almost no simplifying assumptions. 
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However, using a simulation model alone does not obtain the optimal solution of the 

optimization problems. Hence, the simulation models have to be combined with an optimization 

search technique to deliver optimal (or near optimal) solutions. That is, developing a hybrid 

approach would be able to model the complex system and search for optimal solutions. This 

combination resulted in the development of simulation-based optimization methods, which is 

employed in this paper.  

In the last decade, many authors developed optimization methods to achieve several objectives 

for HRES design, e.g. minimize emission, maximize reliability, minimize cost, etc. The relevant 

articles are divided into two main categories, single objective (SO) and multi-objective 

optimization problem (MOP). Few articles used MOP for optimal design of HRESs. The existing 

literature can further be categorized based on the considered energy resources, type of models, 

and solution approaches. The cited articles are summarized according to these features and 

presented in Table 2-1. 
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Table 2-1: Summary of the literature review 

Authors 

System components 

MOP 
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Eke et al. [3] ● ●       NO --- Minimizes total cost LP 1 year 

Ludwig et al. [4] ●      ● ● NO --- Minimizes total cost SMIP 1 year 

Garyfallos et al. [5] ● ● ●    ● ● NO --- Minimizes total cost SA 10 years 

Akella et al. [6] ● ●  ● ●    NO --- Minimizes total operation cost  LP 1 year 

Dagdougui et al. [7] ● ● ●    ●  NO --- 
Minimizes difference between 

hydrogen demand and supplied  
MINLP 30 days 

Cai et al. [8] ● ●   ●   ● NO --- Minimizes total cost ISITSP 15 years 

Lagorsea et al. [9]  ● ●    ●  NO --- Minimizes total cost Simulation 1 year 

Orhan et. [10] ● ●     ●  NO --- Minimizes total cost SA 20 years 

Kashefi et al. [11] ● ● ●    ●  NO --- Minimize annualized cost  PSO 20 years 

Raquel et al. [12] ●  ●    ● ● NO --- Minimizes the LEC LP + heuristic 1 year 

Iniyan et al. [13] ● ●  ●    ● NO --- Minimize cost/efficiency ratio LP 11 years 

Juhari et al. [14] ● ●   ●  ●  NO --- Minimizes cost of energy Simulation 1 year 

Katsigiannis et al.[15] ● ●     ● ● NO --- Minimizes cost of energy Tabu search 20 years 

Budischak et al.[16] ● ● ●    ● ● NO --- Minimizes cost of energy Enumerative method 20 years 

Elliston et al. [17] ● ●  ● ●  ●  NO -- Minimize annualized cost GA 1 year 

Katsigiannis et al. [19] ● ● ●    ● ● Yes Yes 
Minimizes cost of energy  

Minimizes total GHG emissions 
NSGA 1 year 

Trivedi et al. [20] ●       ● Yes Yes 
Minimizes fuel cost 

Minimizes SO2 and NOx emission 
MOGA 1 day 

Dufo et al. [21] ● ● ●    ● ● Yes Yes 

Minimizes total cost 

Minimizes unmet load 

Minimizes fuel emission 

SPEA 25 year 

Abedi et al. [22] ● ● ●    ● ● Yes Yes 

Minimizes total cost 

Minimizes unmet load 

Minimizes fuel emission 

DEA/Fuzzy technique 1 year 

Bernal et al. [23] ● ● ●  ●  ● ● NO --- Minimizes total cost GA 1 year 

Ahmarinezhad et al. [29] ● ● ●  ●  ● ● NO --- Minimizes total cost PSO 20 years 
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Many articles used single-objective optimization. Although single objective models can provide 

decision makers (DM) with insights into the nature of the problem, they usually cannot provide a 

set of alternative solutions that trade different objectives against each other. Eke et al. [3] 

developed a linear mathematical model to minimize total cost of an HRES. They only considered 

solar panels with wind turbines and used a graphical method to find a solution for the 

optimization problem. Ludwig et al. [4] proposed a stochastic mixed integer programming model 

to identify the optimal size of a hybrid power system containing wind turbines, storage device, 

transmission network, and thermal generators. They used Benders’ decomposition algorithm 

with Pareto-optimal cuts to solve the design problem. Garyfallos et al. [5] developed an 

optimization model to design a power supply system including RE generators and hydrogen 

storage. The model was executed in a case study that involves wind turbines, PV panels, 

accumulators, an electrolyzer, storage tanks, a compressor, a fuel cell and a diesel generator. 

They considered uncertainties to examine the effect of weather fluctuations. A stochastic 

simulated annealing algorithm was used to find minimum net present value of cost for ten years. 

Akella et al. [6] projected a linear programming model for the optimal design of an HRES which 

consists of micro hydro power, PV panels, wind turbines, and biomass. Hanane et al. [7] 

developed a mathematical programming model for a wind/PV/fuel cell/electrolyzer system to 

supply electricity and hydrogen to a green hydrogen refueling station network. The proposed 

system was designed to meet required hydrogen and minimize the difference between hydrogen 

demands and supply. In [8] an interval-parameter superiority–inferiority-based two-stage 

programming (ISITSP) was proposed for planning renewable energy management systems. The 

ISITSP is the combination of interval linear programming (ILP), two-stage programming (TSP) 

and superiority–inferiority-based fuzzy-stochastic programming (SI-FSP). The final goal of their 
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model was to identify the optimal capacity of facilities in order to minimize the sum of the 

relevant cost. By using Matlab/Simulink, Jeremy [9] has evaluated three different HRESs based 

on fuel cells, PV panels and batteries to simulate different configurations and investigate the 

operation of the system over one year. The considered criterion was minimizing total cost. In 

[10-12] meta-heuristic algorithms were developed to optimize the sizing of an HRES to return 

the minimum total cost of the system. While by using simulation approach and Tabu search 

algorithm in [13-15], the optimal configuration of a power generating system was presented with 

considering the cost of energy. Budischak et al. [16] evaluated various compounds of renewable 

electricity generators including inland wind, offshore wind turbines, PV panels, and 

electrochemical storages. They used enumerative method to find the least combination with 

minimum net present cost over 20 years. In another similar study, Ellison et al. [17] proposed a 

cost optimization model to find least cost options to supply the Australian National Electricity 

Market (NEM) using renewable power generation. They considered wind, PV panels, 

concentrating solar thermal with storage, hydro power and a biofuelled gas turbine. In their 

study, genetic algorithms with integration of a simulation tool were applied to return the least 

cost combination of renewable energy technology subjected to meet NEM reliability standard. 

They concluded that the dominated generation mix including wind turbine, PV, CST is cheaper 

than a replacement fleet between 2029 and 2043 as it is projected that the carbon price will be in 

range of $50-100.  

In summary, although SO has been used in several HRES studies and delivered promising 

results, most SO methods do not address emission affect and reliability analysis of HRESs. In 

addition, SO lacks the capabilities providing a set of alternative solutions that compare different 

objectives against each other. 
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Multi-objective optimization problem is another approach that has been used to design an HRES. 

By considering conflicting objectives a group of solutions noted as non-dominated, non-inferior 

or Pareto-optimal solutions can be generated [26]. The following classification of search 

approaches is used, which handle MOP: Pareto-based techniques and non Pareto-based 

techniques. The basic idea of Pareto-based techniques is that a Pareto front is directly generated 

by using ranking and selection in the population. It requires a ranking procedure and a technique 

to maintain diversity in a population. Non Pareto-based techniques are approaches that do not 

directly incorporate the concept of Pareto optimum [26]. Katsigiannis et al. [19] developed a 

multi-objective optimization model to generate Pareto front to minimize total cost of energy and 

total greenhouse gas emissions of an HRES during its lifetime by using non-dominated sorting 

genetic algorithm (NSGA). In [20] multi-objective genetic algorithm (MOGA) was applied to 

solve a nonlinear multi objective optimization problem for scheduling a wind/diesel system, 

which aims to minimize fuel cost as well as SO2 and NOx emission. Dufo et al. [21] applied a 

strength Pareto evolutionary algorithm (SPEA) to determine the optimal size and optimal power 

management strategy parameters for an HRES with aim of minimizing total cost, unmet load, 

and fuel emission simultaneously. Abedi et al. [22] presented a MOP to minimize simultaneously 

total cost, pollutant emissions and unmet load. For this task, differential evolution algorithm 

(DEA) and fuzzy techniques have been used to find the best combination of components and 

control strategies for the HRES. 

In brief, although few articles have applied MOP to design an HRES, they are usually using 

MOEA Pareto-based techniques, which require expensive ranking and pairwise comparison 

operations [30]. 
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 In this paper, a novel approach is proposed for optimal design of an HRES including various 

generators and storage devices. ε-constraint method, which is a non Pareto-based search 

technique, has been applied to minimize simultaneously total cost of the system, unmet load, and 

fuel emission. The idea of this approach is to minimize total cost while CO2 emission and unmet 

load are considered as constraint bound by permissible levels. By varying these levels, non-

inferior solutions can be obtained. PSO-based simulation technique has been used to handle the 

developed multi-objective optimization problem. The attractive features of this proposed 

approach are its simplicity [26], [30] or less computational effort since excessive operations of  

ranking and pairwise comparison that are required by Pareto-based techniques are eliminated 

[30]. Moreover, the model is flexible to consider simultaneously more renewable sources and 

storage devices.   

The rest of this Chapter is formed as following. First the problem description and the proposed 

approach are given in Section 2.4, and 2.5 respectively. The simulation module of the proposed 

approach and the mathematical models of system’s components are described in Section 2.6. 

Section 2.7 is devoted to explaining the optimization module and the proposed PSO algorithm. 

The results of optimizing a case study along with sensitivity analysis result are exhibited in 

Section 2.8. Finally, conclusion and future research are given in Section 2.9. 
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 Nomenclature 2.3.   

    PV panel area [m
2
]     PV panel capacity [kW] 

    Wind turbine rotor swept area [m
2
]     Wind turbine capacity [kW] 

   Investment cost [€/KW]       Wind turbine rated power [kW] 

     O& M cost [€/year]      Battery capacity [kWh] 

     Replacement cost [€/year]     Electrolyzer capacity [kW] 

   Power coefficient       H2-tank capacity [kW] 

    Capital recovery factor     Fuel cell capacity [kW]  

      Fuel cost [€/year]      Diesel generator capacity [kW] 

  Constant weighting parameter       FC nominal output power [kW] 

            System CO2 emission [kg/year]       FC actual output power [kW] 

  Hourly energy demand [kWh]     Best experience for particles  

    Energy produced by PV panels [kWh]     Particle Swarm Optimization 

    
Energy produced by wind turbines 

[kWh] 
      

Diesel generator actual output power 

[kW] 

    Excess energy [kWh]      
 

Electrolyzer nominal hydrogen mass 

flow [kg/hr]  

        Excess energy put into batteries [kWh]    
 

Electrolyzer actual hydrogen mass flow 

[kg/hr] 

       
Excess energy put into the electrolyzer 

[kWh] 
    Battery state of charge [%] 

         
Energy put into the H2-tank by the 

electrolyzer [kWh] 
       SOC lower limit [%] 

         
Energy put into the fuel cell by the H2-

tank [kWh] 
       SOC upper limit [%] 

         
Energy put into load by the fuel cell 

[kWh] 
         Unmet load during time step t [kWh] 

          Energy put into load by batteries [kWh]      Strength Pareto evolutionary algorithm 

     
Power charged or discharged from 

batteries [kWh] 
  Project life time [year] 

   Emission factor [kg/lit] tzone 

Time zone difference compared to GMT 

[hr] 

EOT Equation of time [min]   wind speed [m/s] 

    FC hydrogen consumption constant    Cut-in wind speed [m/s] 

         
Diesel generator fuel consumption 

[lit/hr] 
   Rated wind speed [m/s] 

    Global best particle    Cut-off wind speed [m/s] 

        H2-tank  inventory level [kg]    Particles speed vector 

            H2-tank  inventory level upper limit [%]   Particles position vector 

            H2-tank  inventory level lower limit [%]     Fuel cell energy efficiency [%] 

          H2 consumption of the fuel cell [kg/hr]     Electrolyzer energy efficiency [%] 

     
 H2 higher heating value [kWh/kg]     Diesel generator energy efficiency [%] 
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HRES Hybrid renewable energy systems          H2-tank  storage efficiency 

   
Total solar radiation on tilted surface 

[kWh/m
2
] 

     Battery round trip efficiency [%] 

        Beam radiation [kWh/m
2
]     PV panel efficiency [%] 

         Sky diffuse radiation [kWh/m
2
]   Air density [kg/m

-3
] 

        

Ground reflected solar radiation 

[kWh/m
2
] 

     LLP desirable level [%] 

     Direct normal irradiance [kWh/m
2
]      CO2 emission desirable level [kg/year] 

  interest rate [%]   Uniform random number 

  Single payment worth   Inertia coefficient 

     
 H2 lower heating value [kWh/kg] ϕ 

Tilt angle from the horizontal surface 

[Degree] 

           Gas oil lower heating value [kWh/kg] ξ Azimuth angle [Degree] 

    Loss of load probability [%]   Reflection index 

  Components life time [year]   Sun zenith angle [Degree] 

LST local standard time   Plate azimuth angle [Degree] 

Llocal local longitude [Degree]   Solar declination angle [Degree] 

    Multi objective optimization   Latitude [Degree] 

        Fuel cell optimal operation power 

divide by nominal capacity [%]  
  Solar angle [Degree] 

      
Diesel generator nominal output power 

[kW] 
  

 

 

 Problem Description 2.4.

In this study, the considered hybrid renewable energy system is adopted from [21, 23]. The 

system includes PV panels, a wind turbine, a diesel generator, and two storage systems. Batteries 

and electrolyzer/hydrogen tank/FC are the storage devices. The energy flow of the employed 

system is shown in Figure 2-1. The PV panels and wind turbine produce electricity from solar 

and wind energy to meet the energy requirement of a specific load. When produced energy is 

more than the needed load, the excess energy is stored in the storage systems. A share of excess 

energy is put into batteries and the remaining energy is put into the electrolyzer and converted to 

hydrogen. The hydrogen tank is used to store the produced hydrogen by the electrolyzer. When 

the produced energy by the PV panels and wind turbines cannot meet the load, the batteries and 
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fuel cell can provide power to fulfill electricity load based on the charge level of batteries and H2 

level of the tank. When the batteries and H2-tank are not able to meet the deficit energy, the 

diesel generator is used as an emergency power-supply.  

PV panel

(Ppv) 

Wind turbine

(PWG)

Battery

(Pbat, Ebat)

Electrolyzer

(Pel)

Fuel cell

(PFC)

H2-tank

(Ptank, Etank)

Load

(D)

Epv

Ewg

EEx

EEx-bat

EEl-tan Etan-FC

EFC-load

Ebat-load

EEx-El

Diesel

(PDis)

E Dis-load

 

Figure 2-1: The energy flow of the employed system  

 

 Proposed Approach 2.5.

This study attempts to emphasize optimization of an HRES design by using a PSO-simulation 

based approach. Simulation can be used as an effective evaluation tool whenever mathematical 

models are not applicable due to system complexity or existing uncertainties. The main 

advantage of using simulation is the fact that all system’s details and uncertainties can be 

accommodated accurately compared to other modeling methodologies. However, simulation 

inherently cannot be used as a stand-alone tool to deliver an optimal design of the system. On the 

other hand, optimization techniques need explicit mathematical representation of the system. In 

complex systems, it is a complex task to formulate a mathematical model since there is this 

possibility that the studied system has a high dimensional space or non-linear nature. Therefore, 
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combining a simulation module with an optimization method allows overcoming their 

shortcomings. That is, the hybrid approach is able to model the complex features of the system as 

well as obtaining the optimal solution in reasonable time. In this paper, to find the optimal (or 

near optimal) design of an HRES, PSO-based simulation approach has been proposed as outlined 

in Figure  2-2 and Figure 2-4. There is this feature that the proposed approach can be modified to 

associate additional components of the HRES. 

The decision variables, fitness and constraints are defined in the PSO algorithm. Design 

variables that are the capacity of the components are defined in a vector named particle. In other 

words, each particle represents a certain configuration of the HRES. Total net present cost that is 

specified by the design variables is considered as the fitness of particles for evaluation. 

Moreover, each particle generated randomly should meet the constraints of the model, which will 

be presented in Section  2.7.2. After initializing a population of particles, each particle is sent to 

the simulation module to check its feasibility. The simulation model is run for one year to 

evaluate the performance of each particle. The simulation module calculates the yearly unmet 

load and CO2 emission for the HRES using the equations which are presented in Section  2.6. In 

the next step, the values of unmet load and CO2 emission are sent to the optimization algorithm 

to check if the particle meets the desirable level of unmet load and CO2 emission. If the particle 

did not meet the constraints, it is modified and sent back to simulation. After initializing feasible 

particles, they are evaluated in the PSO algorithms based on their fitness. A stopping criterion is 

checked, if it is not met, each particle is updated for the next generation in the framework of the 

PSO algorithm, Section  2.7.3 and Figure 2-4. After updating, the particles are sent back to the 

simulation module to review their feasibility again and the simulation result is sent to the 
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optimization algorithm for evaluation. This cycle is terminated if the stopping criterion is met. 

After terminating the cycle, the best of all considered solutions will be returned.  

IPUT
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Figure 2-2: PSO-simulation based approach flowchart 

 

 Simulation Module  2.6.

As mentioned in the previous section, the simulation is run for checking the feasibility of a 

particle that represents a certain configuration of the HRES for one year.  The simulation output 

is the yearly unmet load and CO2 emission for that HRES configuration. The considered HRES 

in this paper is depicted in Figure 2-1. The HRES includes seven main components comprising 

PV/wind turbine/diesel/batteries/FC/electrolyzer/H2-tank. The simulation module is based on the 
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hourly time interval analysis of electricity demand, wind speed, and solar irradiation. The wind 

model converts the hourly wind velocity to energy output. Similarly, the PV panels convert total 

radiation on the horizontal surface to energy output. The diesel model uses the fuel consumption 

curve data, for a given choice of diesel generator, to calculate its output. The electrolyzer model 

calculates the hydrogen production by using coefficients of its electrical consumption curve. The 

FC model uses the hydrogen consumption curve to calculate the hydrogen consumed from the 

hydrogen tank. The battery and hydrogen tank models use the excess energy and deficit energy 

to update the battery state of charge and hydrogen level, respectively. The components 

mathematical models which are used in the simulation are summarized below.  

- Wind turbine: Essentially in wind turbines, wind power generation is produced from conversion 

of wind kinetic energy into electrical energy. Energy resulted from a wind turbine is calculated 

by Equation (2-1) [10, 31]. 

   ( )  

{
 
 

 
 

                                                                              

 

 
         ( )                                             

                                                                        

                                                                             

 
(2-1) 

Wind speed for each time period V(t) is as an input of the model. Cp is the coefficient of 

performance and it is defined as the ratio of the power output of a wind generator divide by 

maximum power. It is a characteristic of wind turbines obtained from the manufacture firm. The 

rotor swept area is named     and the air density is equal to  .    is cut-in wind velocity which 

is considered 4 (m/s).    is rated wind velocity is set as 14 (m/s) and    is cut-off wind speed 

considered 20 (m/s) [21]. PWG,r is the wind turbine rated power [21]. 

- PV panel: Solar or photovoltaic cells are electronic devices that convert solar energy of sun 

light into electricity. Produced energy by PV panels is calculated by Equation ( 2-2) [10]. 
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   ( )  (      )  ( ) (2-2) 

where, I(t) is the hourly total solar radiation on tilted surface,      is PV modules efficiency and 

    stands for the PV panels area(  ). In this study,     is assumed to be constant and is equal 

to 7%. This value covers power losses in PV panels due to temperature change, shadows, dirt, 

and losses in inverter. Solar radiation on a tilted surface having a tilt angle of ϕ from the 

horizontal surface and an azimuth angle of ξ is the sum of components consisting of beam (Ib,tilt), 

sky diffuse (Id,tilt) and ground reflected solar radiation (Ir,tilt) [32]: 

                           (2-3) 

                 ( )       (
 

 
)    (      )    (

 

 
)  (2-4) 

where,      is direct normal irradiance on a surface perpendicular to the sun’s rays,   is the angle 

between the tilted surface and the solar rays which is calculated by Equation ( 2-5), C is diffuse 

portion constant for calculation of diffuse radiation,   is the reflection index, and    is the zenith 

angle.  

   ( )                        (   )  (2-5) 

  and   are stand for sun azimuth and plate azimuth angle, respectively. The Equation ( 2-6) and 

Equation ( 2-7) are used to calculate the sun zenith and azimuth angle [32]: 

                           ( 2-6) 

     
    

                 
 ( 2-7) 

Where,   is solar declination angle and is calculated by Equation ( 2-8),   is latitude per degree 

and   is solar angle which is determined by using Equations ( 2-9) to ( 2-12)  [32]. 
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               (
    

      
)  ( 2-8) 

  
   

  
(    ) ( 2-9) 

                          ( 2-10) 

       (      )      ( 2-11) 

    (       )   (                          )  ( 2-12) 

where, d is the number of day when January 1
st
 is equal to one. t is solar time and identified by 

Equation ( 2-10) [32].  LST is local standard time or real time; EOT is equation of time to account 

for irregularity of the earth speed around the sun (minutes); Llocal is local longitude (degrees 

East> 0 and West < 0) and tzone is the time zone difference compared to GMT (East > 0 and West 

< 0) [32].  

- Electrolyzer: In electrolyzer, hydrogen and oxygen gases are generated from water by using 

electrical energy. In this study, the electrolyzer electrical consumption (      ) is modeled as a 

function of nominal hydrogen mass flow (     ) and actual hydrogen mass flow (   ) as given 

in Equation ( 2-13) [21]: 

                     ( 2-13) 

where,    and    are the coefficients of electrical consumption curve per hydrogen mass flow. 

The electrolyzer efficiency is defined as the heating value of produced hydrogen divide by 

electrical consumption, Equation ( 2-14) [21]. 

    
         

      
 ( 2-14) 

In this study,      
is set at 39.4 kWh/kg,           ⁄  , and           ⁄   [21]. 



33 

 

- Fuel cell: Fuel cells which convert the chemical energy of hydrogen and oxidant to electrical 

energy are selected as a backup generator. The output power of a fuel cell can be expressed as a 

function of the hydrogen consumption of fuel cell (         ), Equation ( 2-15) [21]. 

{
 
 

 
                                                                                       

     

     
        

                           (     (
     

     
        )       

     

     
        

 ( 2-15) 

Where,     and     are the coefficients of hydrogen consumption curve, which are defined by 

users.      (  ),      (  ) are the nominal output power and actual power of fuel 

cell.         in % of       is the power that FC has maximum efficiency and     is a constant.  

In this study,                ,               ,      .     is the energy efficiency 

of FC and it is defined by Equation ( 2-16) [21, 22, 24]. 

    
     

               

 ( 2-16) 

 Diesel generator: Diesel generator sets are used as emergency power-supply. In this study, the 

fuel consumption of a diesel generator depends on the generator size and the load at which the 

generator is operating. The fuel consumption of a diesel generator is approximated by Equation 

( 2-17) [21]. 

                           ( 2-17) 

where ,    and      are the coefficients of fuel consumption curve,       and       are 

nominal capacity and power output of the diesel generator, respectively. In this study,     

                and                 . The diesel generator efficiency,    , is defined as 

power output divide by heating value of fuel consumption [21].: 
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 ( 2-18) 

where,            is the lower heating value of gas oil and it is equal to 10-11.6 kWh/lit [21]. 

- Battery: The state of charge of battery at any time step is calculated by using following 

equation [22]: 

   ( )     (   )  
    ( )    

    
     ( 2-19) 

Positive sign is for charging modes and negative one is for discharging.    ( ) and    (   ) 

are the state of charge of batteries in time step t and t-1,     is the batteries round trip efficiency,  

    ( ) is power charged or discharged from the batteries during time step t and      (kWh) is 

nominal capacity of the batteries. The batteries can supply energy to demand until the lower limit 

of       . Moreover, the batteries can be charged until        is reached.  In this study,      

is considered 80% in charging state and 100% in discharging state,            and 

            [22]. 

- Hydrogen tank: Hydrogen level of the H2-tank at time step t depends on hydrogen level at time 

t-1 (       
(   )), output hydrogen mass flow of the electrolyzer at time step t (   ), and 

hydrogen consumption of the FC at time t, (         ( )), i.e. [11]: 

       
( )         

(   )     ( )  
         ( )

        
 ( 2-20) 

where,          represents the storage efficiency which is indicated losses associated with 

leakage and pumping. In this study,          is assumed 95%. Furthermore, there is upper and 

lower limit for hydrogen level. The upper limit is the nominal capacity of tank and lower limit is 

considered 5% of the rated capacity  
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- Dispatch strategy: When produced energy by the wind turbine and PV panels is more than the 

electricity demand, excess energy is sent to the storage systems. First, the excess energy put into 

batteries until the        is reached, if there is excess energy yet, the excess energy is 

converted to H2 in the electrolyzer and then sent to the H2-tank for storage purpose. In other 

words, the batteries have the highest priority for charging. If the produced renewable energy is 

less than the required energy, the batteries and fuel cell are respectively used to provide the 

difference in power. If the power shortage exceeds the stored power in both storage devices, the 

diesel generator is used to keep the load as fulfilled. If this shortage goes beyond the generator 

rated capacity, the shortage is considered as unmet load. After discharging the storage level of 

the batteries and H2-tank are updated, Equation ( 2-19) and Equation ( 2-20). 

- LLP and CO2 emission: As the most of the exhaust gases of the diesel generator is CO2, in this 

study the number of kg produced CO2 by the diesel generator is considered to represent the 

pollutant emission. For each time period during one year the shortage of energy, loss of load 

probability (LLP) and CO2 emission are calculated by using Equations ( 2-21) and ( 2-22) [21, 

22]. 

     
∑          ( )    

   

∑   ( )    
   

 ( 2-21) 

            ∑         ( )    

    

   

 ( 2-22) 

where, D(t) is electricity demand, and shortage(t) is unmet load during time period t,    is the 

emission factor for the diesel generator, which depends on the type of the fuel and diesel engine 

characteristics.  Here, that is considered as 2.4-2.8 kg/lit rang [21]. 
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 Optimization Module 2.7.

2.7.1. ε-Constraint Method  

ε-constraint method is a simple MOP technique that can be used where one objective is chosen to 

be optimized and the resting objectives are considered as constraint bounds by given target levels 

(  ) [25]. By varying these levels, the non-inferior solutions of the introduced problem can be 

obtained. Consider the following MOP: 

       ( )   ( )     ( )     

where, x is the decision vector,     (i=1, 2, . . ., k) are the objective functions. A solution    is 

noted as non-dominated or non-inferior if there is not another feasible solution x such 

that   ( )    ( 
 ) for all i=1, 2, . . ., k, and at least one inequality is strict.  

In ε-constraint method, if   ( )            is the objective function that is examined to be 

minimized, and   ( ) is the objective considered as the constraint, we have the following 

problem [25, 26]: 

     ( )               

Subject to 

  ( )                            

where, S is the feasible solution space, k represents the number of objective functions, and     is 

assumed the value of the objective function that must not be exceeded. 

In this paper, three objective functions are considered. These three objective functions are 

minimizing total net present cost of the system, total CO2 emissions produced by the diesel 

generators, and LLP. The overall cost of the system includes the investment costs, operation and 
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maintenance costs, replacement costs, and fuel costs of diesel generators during the lifespan of 

the system. LLP represents the energy deficit, which is the ratio of unmet load to total load. In 

the proposed  -constraint approach,  total cost is chosen as the objective function to optimize and 

total CO2 emission and LLP incorporate as inequality constraints in the forms:             

     and         . Hence, in this study, k=3,      and       are chosen by DMs as the 

desirable values.  

 

2.7.2.  Objective Functions and Constraints 

As it was mentioned earlier, total cost over the life time of the HRES is considered as objective 

function and CO2 emission and LLP during one year are considered as the constraint bounds. The 

life time of the system is considered 25 years the same as life time of the PV panels since this 

element has the longest lifespan [21].  Decision variables of the model are summarized in the 

following vector:  

                                    

where,     is the capacity of the wind turbine (kW),     is the capacity of PV panels (kW),      

is the capacity of batteries (kWh),     is the capacity of the fuel cell (kW),     is the capacity of 

the electrolyzer (kW),       is the capacity of the H2-tank (kWh), and      is the capacity of the 

diesel generator (kW).  The system costs consist of investment costs, operation and maintenance 

costs, fuel costs, and replacement costs over the project life time, Equation ( 2-23). 
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         ∑     

 

        
 

   (   )
                                

 
 

   (   )
 

( 2-23) 

where, j is components indicator,      is the capital cost per unit for the component j (€/unit), 

       is the operation and maintenance cost per unit for the component j (€/unit),       is the 

fuel cost (€/lit),        is the cost of each replacement per unit for the component j (€/unit), 

and                                     ,             is the annual fuel consumption 

(lit/year).    and     are single payment present worth and capital recovery factor, respectively, 

which are calculated using the following equations, Equations ( 2-24) to ( 2-26) [11, 21, 22]. 
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 ( 2-25) 

    
 (   ) 

(   )   
 ( 2-26) 

where,   is the real interest rate, L and Y are life time and number of replacement of the 

component j, respectively, and   is the project life time which is considered 25 years in this 

study. 

The problem constraints that should be met are:  LLP of the system should be less than allowable 

LLP reliability index Equation ( 2-27). CO2 emission should be less than allowable emission 

level, Equation ( 2-28). In addition, energy and storage level of components are subjected to some 
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other feasible operation constraints. The energy flow (energy produced by or entered to each 

component) in every time,   ( ), should be less than the capacity of the component, Equation 

( 2-29).    is time interval that is one hour. As mentioned in Section  2.6, the batteries can supply 

energy to load until the lower limit of       ,  and can be charged until        is reached, 

Equation ( 2-30).  Furthermore, there is upper and lower limit for hydrogen level which is 

presented in Section  2.6, Equation ( 2-31). Finally, there are non-negativity constraints for 

decision variables and energy flow as well as upper limit for decision variables, Equations ( 2-32) 

and ( 2-33).   

         ( 2-27) 

                 ( 2-28) 

  ( )        ( 2-29) 

          ( )                ( 2-30) 

                   ( )              ( 2-31) 

                   ( 2-32) 

  ( )    ( 2-33) 

2.7.3. Particle Swarm Optimization Algorithm  

PSO, a meta-heuristic optimization technique, was firstly developed by Kennedy and Eberhart in 

1995. PSO algorithm is able to solve continuous problems as well as binary or discrete problems. 

It is a “multi-agent parallel search technique” that is inspired by the social behavior of “birds 

flocking” or “fish schooling” [27].  In PSO, a set of particles or swarms which are described by 

their positions and velocity vectors fly through the search space following the current optimum 
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particle. Particles motions are defined by a vector, which defines the velocity of the swarm in 

each direction. The best solution for each particle obtained so far is stored in a particle memory 

and named particle experience. In addition, the best obtained solution among all particles so far 

is named the best global particle. The velocity and position of each swarm is updated according 

to its experience and the best global particle. The experience sharing of each particle with other 

swarms is the most important reason behind PSO success, and it leads the particle move to better 

region [27]. 

First a random population of swarms is generated with random position vectors ( ⃗) and velocity 

vectors (  ⃗⃗⃗ ⃗). The fitness value of each particle is calculated to evaluate the current position of 

particles and compare it with its best experience and other swarms fitness value. If the current 

position of a swarm is indicated an improvement compared to best historically obtained one, the 

experience of the particle is adjusted. Moreover, the velocity of the particle is adjusted according 

to global best particle and its bests own experience. In fact, particles move toward the best global 

particle in the each iteration. Finally, the best global particle is updated, Figure 2-3. 
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Best experince

Global best particle

V
best_exp

Vbest_glob

V
k
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Figure 2-3: Dynamic of swarms in PSO 
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As mentioned earlier, two state variables are defined for the particles that are named current 

position   ⃗⃗⃗⃗ ( )  and velocity   ⃗⃗⃗ ⃗( ). The best experience for each particle is stored in the particle 

memory   ⃗⃗⃗ ⃗( ) while  ⃗( ) denotes the best global particle among the population. In each 

iteration, the d
th

 dimension of the position and velocity of the particles are updated toward the 

best experience and the best global particle by applying recursive Equations ( 2-34) and ( 2-35) 

[28]. 

   (   )       ( )        (   ( )     ( ))        (   ( )     ( )) ( 2-34) 

   (   )     ( )     (   ) ( 2-35) 

As seen from Equation ( 2-34), there are three terms to update the velocity; The first term, vid(t), 

stands for the inertia velocity and ω is called the inertia coefficient. This term is used to 

incorporate the previous velocity and consequently prevent the unexpectedly change of the 

particle velocity. That is the reason that particles broadly are biased to keep the direction that 

they have been moving on it. The parameters C1 and C2 are positive weighting constants, and 

denoted as the “self-confidence” and “swarm confidence”, respectively. They control the 

movement of each particle towards its individual versus global best position. The parameters    

and    are two uniform random numbers within interval (0 1) [28]. The first iteration is 

terminated after adjusting the velocities and positions for the next time step t + 1.  Consistently, 

this process is executed till a determined stopping criterion is achieved. The stopping criterion 

can be the maximum number of time steps, improvement of the best obtained value for the 

objective function, or the average value that is calculated using the values of all population. 

Figure 2-4 shows PSO algorithm that is explained above.  
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Through the PSO algorithm, the critical parameters are ω, C1, C2 and the swarm size. These 

parameters are exogenous which are initialized by users before an execution. An optimal setting 

of the parameters depends on the problem at hand. According to literatures a suitable interval for 

setting PSO parameters are suggested as following: 

 Inertia weight ω: the high settings in the range [0.5, 1] and near 1 facilitates global search 

[28].  

 Swarm size: depending on problem search space, the number of particles can be in the 

range (20–60) [28].  

 Acceleration coefficients: Usually an equal value of C1 and C2 is used within the range [0, 

4] [28].  

The above mentioned intervals are used in an exhaustive study to obtain the best values of these 

parameters. That is, the PSO parameters were changed in the intervals and the performance of 

PSO was monitored. The result of the study shows that the appropriate value for the parameters 

are at population size = 60,   C1 = 0.25, C2 = 1.75, and  ω=1. The maximum number of iteration 

is set to 1000. 
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Figure 2-4: PSO algorithm flowchart 
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  Results 2.8.

The proposed approach was coded in C++ programming environment in a 2.4 GHz core 2 

processor. By implementing the approach, a stand-alone hybrid system including PV 

panels/wind turbine/batteries/fuel cell/H2 tank/ electrolyzer/diesel generator system has been 

designed to supply power for a small building located in a remote area at Zaragoza (latitude 

41.65
0
), Spain.  Daily load variation during various seasons is shown in Figure  2-5. The time step 

is considered 1 hour and during this time step the wind energy, solar energy and load are 

assumed to be constant [21].   

 
Figure 2-5: Daily load profile in the various seasons 

The daily solar irradiation on the horizontal surface and wind speed data at 10 m height are 

plotted in Figure  2-6 and Figure  2-7 which are obtained by the average of last 10 years data. 
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Figure 2-6: Hourly solar irradiation during one year 

 

Figure 2-7: Average monthly wind speed at 10 m height during one year 

The initial costs, operation costs, and the characteristics of components vary with their size and 

model. In this study, the initial costs, maintenance costs, and the characteristics of the 

components are presented in Table 2-2 and Figure 2-8 [11, 21, 22, 29]. 
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Table 2-2: The characteristics of components 

Components 
PV 

panel 

Wind 

turbine 
Fuel cell Electrolyzer 

H2 

tank 
Battery 

Diesel 

generator 

Life time 25yr 20yr 15000hr 10yr 20yr 5yr 7000hr 

The initial cost of H2-tank is assumed 1000€/kg, its operation and maintenance cost is 50€/year. 

The considered fuel is gas oil and its unit price is assumed as 1.2€/lit and the inflation rate is 

considered 10% [21].  
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 2-8: Components initial costs and operation and maintenance (O&M) costs: (a) PV panel 

costs, (b) Wind turbine costs, (c) fuel cell costs, (d) Electrolyzer costs, (e) Battery costs, (f) Diesel 

generator costs 
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The set of non-inferior solutions obtained by ε-constraint method is shown in Figure  2-9 to 

Figure  2-12. In these figures, there are 50 solutions in the non-inferior set which demonstrate the 

minimum total cost of the system for different LLP and CO2 emission. The range of the objective 

space is obtained by varying      and     . It can be seen in these figures that CO2 emission of 

the system decrease significantly as the LLP increase to about 0.15%.  Increasing LLP of the 

system from 0.15% to 4.5% decreases the CO2 emission moderately.  

The Pareto front contains a large number of non-dominated points. Selecting a solution from 

such a large set is potentially difficult for a decision maker. In this study, the post-Pareto analysis 

is done for these 50 solutions, to provide the decision maker a workable sub-set of the solutions. 

The Post-Pareto analysis aids decision makers in choosing a single solution from a potentially 

large set of Pareto front. To find a representative subset of the solution set, first the objective 

values are normalized based on their maximum value among all non-dominated solutions. Six 

clusters are considered and the non-dominated solutions are distributed in these clusters such that 

objectives within the same cluster have a high degree of similarity. For distributing the solutions 

in the clusters, three cases are considered, first, the non-dominated solutions are ranked based on 

normalized cost, and then a cluster is assigned to each solution regarding its normalized cost. 

The best ranked solution in each cluster is selected and shown in Figure  2-13. Similarly, in the 

second case and the last one the solutions are ranked based on normalized LLP and normalized 

CO2 emission, respectively.  In these cases the best solution of each cluster is also depicted in 

Figure  2-14 and Figure  2-15, respectively.  In Figure  2-13 to Figure  2-15 each line describes an 

objective function, and each index is devoted to a solution. The index 1 stands for the solution 

with the best rank based on the normalized objective function, while index 6 stands for the worst 

one.  
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Figure 2-9: The 3D set of non-inferior solutions obtained by the ԑ-constraint method 

 
Figure 2-10: The 2D set of non-inferior solutions. CO2 emission vs. LLP 
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Figure 2-11: The 2D set of non-inferior solutions. CO2 emission vs. NPC 

 
Figure 2-12: The 2D set of non-inferior solutions. LLP emission vs. cost 

 

 
Figure 2-13: Pruned solutions when NPC objective function is preferred 
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Figure 2-14: Pruned solutions when LLP objective function is preferred 

 
Figure 2-15: Pruned solutions when CO2 objective function is preferred 
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in Table  2-3 and Figure 2-16. It is noteworthy to mention that in this study the rectifiers cost, 

inverters and batteries charge regulator costs are neglected since the optimal sizing of these 

components are not considered. The result shows little contribution of hydrogen storage. One 

reason for this fact can be that hydrogen storage device is more expensive. In addition, the 

maximum overall energy efficiency of a hydrogen storage device is 28.9% which is less than 

batteries overall energy efficiency (80%).  

Table 2-3: Optimal size of components in three illustrated solutions 

 

PV 

(kW) 

Wind 

(kW) 

Diesel 

(kW) 

Fuel 

Cell 

(kW) 

Battery 

(kWh) 

Electrolyzer 

(kW) 

H2-

tank(kg) 

Case 1 

Proposed 

approach 
8 6.5 1.8 0 66.4 0 0 

SPEA [21] 8 6.5 1.9 0 88.7 0 0 

Case 2 

Proposed 

approach 
8 6.5 3.9 0 45.9 0 0 

SPEA [21] 8 6.5 4 0 44.3 0 0 

Case 3 

Proposed 

approach 
8 6.5 3 0.11 88.7 1.1 4.2 

SPEA [21] 8 6.5 3 3 88.7 4 10 

 

Figure 2-16: Optimal costs using ԑ-constraint method and SPEA [21] 

Dufo et al. [21] utilized discrete values for decision variables while the proposed approach deals 

with continuous optimization problem; Hence, this fact can explain a slight difference between 
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the proposed model results and Dufo et al.[19] results in cases 1 and 2. As shown in Figure 2-16, 

it is observed that in the case 3, ε -constraint method yields a better cost (27% less) than SPEA.  

Sensitivity analysis is the investigation of how the possible variation of the input parameters may 

impact the optimal solutions provided by the optimization algorithm under a given set of 

assumptions [33]. In a sensitivity analysis, the values of parameters or inputs are changed and 

resulted changes in performance indices are measured. Therefore, a main goal of a sensitivity 

analysis is to identify which parameters are the most sensitive and most likely to affect system 

behavior [33]. In this study, a sensitivity analysis is performed to investigate the effect of the 

input parameters on the optimal solution provided by the proposed approach in the case 1, if the 

parameters take other possible values. The considered parameters are the interest rate, PV panels 

capital cost, fuel cell capital cost, wind turbine capital cost, electrolyzer capital cost, battery 

capital cost, fuel price, battery life time, CO2 emission and LLP allowable levels. The sensitivity 

analysis results of the case 1 are shown in Figure 2-17. The optimal solution for the case resulted 

in total cost of 93587€ for 25 years. The annual energy delivered to the load is 13407 kWh and 

the gas oil consumption is 562 lit/year. By creating 20 additional scenarios:  

 50% Increase scenarios for following parameters:  interest rate, PV panel capital cost, fuel 

cell capital cost, wind turbine capital cost, electrolyzer capital cost, battery capital cost, fuel 

price, battery life time, CO2 emission and LLP allowable level. 

 50% decrease on following parameters: interest rate, PV panel capital cost, fuel cell capital 

cost, wind turbine capital cost, electrolyzer capital cost, battery capital cost, fuel price, 

battery life time, 15% decrease on CO2 emission allowable level, and 30% decrease on 

LLP allowable level. 
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The optimal configuration is remained unchanged in the 16 scenarios, which are 50% increase 

and 50% decrease scenarios for  interest rate, PV panel capital cost, fuel cell capital cost, wind 

turbines capital cost, electrolyzer capital cost, battery capital cost, fuel price, and battery life 

time. A PV/wind turbine/battery/diesel system is resulted as the optimal configuration in these 

scenarios. The total cost approximately increases or decreases with the changes in these 

parameters while the components configurations are the same, Figure 2-17(a).  

 
(a) 

 
(b) 

Figure 2-17: Sensitivity analysis result 
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optimal value of decision variables is decreased. As these allowable levels decrease 50%, the 

current solution becomes infeasible. Figure 2-17 (b) shows that total cost significantly is 

increased when LLP and CO2 emission allowable levels are decreased 30% and 15%, 

respectively. The result indicates that in these two scenarios, the optimal configuration is 

changed because satisfying the model constraints needs storing energy in hydrogen tank as well 

as using a fuel cell and electrolyzer that are inefficient than storing energy in batteries.  

 

 Conclusion  2.9.

In this study, a novel and simple approach is presented to optimize the size of a hybrid renewable 

energy system. ε-constraint method has been applied to minimize three objectives: loss of load 

probability, CO2 emission, and total net present cost of the system. The proposed tool used a 

PSO-based simulation method to solve the multi-objective optimization problem. The chief 

benefit of the proposed approach is its simplicity which leads to computational efficiency.  

In a case study including a wind turbine, PV panels, a diesel generator, a fuel cell, an 

electrolyzer, batteries and a hydrogen tank the proposed approach is evaluated. By comparing the 

proposed approach results with the previous methods results, it has been concluded that an 

improvement in total cost is obtained while achieving same fuel emission and LLP. A sensitivity 

analysis study is performed to study the sensibility of the input parameters to the developed 

model. The sensitivity analysis indicates that if the life time of the batteries and interest rate are 

reduced, total cost is increased. Furthermore, total net present cost of the system is more 

sensitive to the allowable level of CO2 emission compared to the other variables. The proposed 

model can be used in feasibility studies and the design of an HRES.  
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For future research, a detailed load analysis that takes into consideration the heat and electricity 

loads separately and load shifting would be performed to recommend an optimum system 

configuration that matches loads. In addition, uncertainties of the renewable energy sources 

availability and energy load will also be taken into account.  
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Chapter 3 

 A Dynamic MOPSO Algorithm for Multi-Objective Optimal Design of 3.

Hybrid Renewable Energy Systems 

 

 

 

 

 

 

 Abstract 3.1.

In this paper, a dynamic multi-objective particle swarm optimization (DMOPSO) method is 

presented for optimal design of hybrid renewable energy systems. The main goal of the design is 

to minimize simultaneously total net present cost of the system, unmet load, and fuel emission. A 

simulation-based DMOPSO approach has been used to approximate a Pareto front to help 

decision makers in selecting an optimal configuration for an HRES. The proposed method is 

examined for a case study including wind turbines, photovoltaic panels, diesel generators, 

batteries, fuel cells, electrolyzers and hydrogen tanks. Well known metrics are used to evaluate 

the generated Pareto front. The average spacing and diversification metrics obtained by the 

proposed approach are 1386 and 4656, respectively. Additionally, the set coverage metric value 

shows that at least 67% of Pareto solutions obtained by DMOPSO dominate the solutions 

resulted by the other reported algorithms. By using a sensitivity analysis for the case study, it is 

found that if the PV panel and wind turbine capital costs are decreased by 50%, the total net 

present cost of the system would be decreased by 18.8% and 3.7%, respectively.  
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 Introduction  3.2.

Renewable energy resources are alternatives to replace fossil fuels considering they are 

inexhaustible and environmentally friendly. Utilization of RE resources has significantly 

increased since the oil crisis in the early 1970s. The common drawback identified with RE 

resources is that these sources are dependent on climatic conditions and naturally unpredictable 

[1]; Hence, stand-alone RE sources may not meet the hourly energy demand. Hybrid renewable 

energy systems are becoming popular for remote area power generation applications, which can 

reduce the impact of uncertainties in RE resources. The term HRES is used to describe any 

energy system with more than one type of generator [1]. For remote areas, HRES are often the 

most cost-effective and reliable way to produce power.  

Most engineering problems need simultaneous optimization of many conflicting objectives. 

These require using a multi-objective optimization formulation to approximate a set of 

compromised solutions in the search space. The set of optimal solutions provides decision 

makers worthwhile information about all possible designs and help them to make a trade-off 

between different objectives and choose the best option [2]. In general, multi-objective 

optimization problems are difficult to implement and need expensive computation to find the set 

of optimal solutions [3]. Hence, recently the design of efficient and effective optimization 

algorithms for handling MOP has undergone important development. 

Governments and companies face challenges regarding whether a given place is proper for 

establishing renewable energy systems or not, and which combination of renewable energy 

sources and what capacity is the optimal decision [4]. These challenges have motivated 

researchers to develop models for optimal design of HRESs. The optimal design of HRESs can 

make them cost-effective, reliable and environment friendly. The optimal design of an HRES 
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remains a complex problem due to precarious energy price, fluctuations in energy demand, and 

uncertainty in RE resources. Moreover, environmental issues are becoming increasingly 

important in designing an energy system [5]. In designing an energy system many aspects must 

be taken into account such as economic, environmental concern, reliability, and power quality. In 

order to handle such a complex problem, multi-objective optimization methods are employed, 

which tackle the issue of conflicting objective functions.  

Although many authors used a single objective optimization for optimal design of an HRES and 

delivers promising results [6-15], most of the single objective methods do not address the 

emission effect and reliability analysis of HRESs. The application of multi-objective 

optimization methods in optimal design of an HRES is still in primary step of development as 

only few articles have been published in this area recently [4]. The relevant articles are reviewed 

in which MOP methods were used and divided them into two main categories: Pareto-based 

techniques and non Pareto-based techniques. The basic idea of Pareto-based techniques is that 

Pareto front (PF) is directly generated by using ranking and selection in population. It requires a 

ranking procedure and a technique to maintain diversity in the population. Non Pareto-based 

techniques are approaches that do not directly incorporate the concept of Pareto optimum [16]. 

Hongxing et al. [17] developed an optimal sizing method based on Genetic Algorithm (GA) to 

identify the optimum configurations of a hybrid solar–wind and battery system. The GA 

determined minimum annualized cost of system (ACS) with different customers required loss of 

power supply probability (LPSP). In other words, they performed a non-Pareto based approach 

to calculate total cost of system with a certain desired LPSP. Galvez et al. [18] used an 

enumerative optimization approach implemented in Hybrid Optimization Model for Electric 

Renewable (HOMER) program to carry out a multi-objective optimization of autonomous 
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systems with hydrogen storage. The enumerative search was used to generate a set of solutions to 

optimize the two objective functions, namely; net present cost and net avoided emissions in the 

system life cycle. They used a method called compromise programming to select the best 

alternative based on multiple criteria.  In another similar study [19], they extended their work 

and compared two HRES in a rural university and in a rural community using multi-criteria 

analysis tool. They used compromise programming and take into account the technical, 

economic, environmental and social criteria. A heuristic methodology is presented by 

Protogeropoulos et al. [20] for sizing a renewable power supply systems including PV panels and 

wind turbines. The least expensive system configurations were found by their optimization 

approach, which achieves the required autonomy levels. Despite its simplicity, their approach 

like other non-Pareto approaches suffer from several drawbacks; this approach needs huge 

efforts to generate a PF as it only returns a single solution at the end of their search process.  

Katsigiannis et al. [21] developed a multi-objective optimization model to generate a PF to 

minimize total cost of energy and total greenhouse gas emissions of an HRES during its lifetime 

by using non-dominated sorting genetic algorithm (NSGA). In [22] multi-objective genetic 

algorithm (MOGA) was applied to deal with a nonlinear multi-objective optimization problem 

for scheduling a wind/diesel system, which aims to minimize fuel cost as well as SO2 and NOx 

emission. Rodolfo et al. [23] applied a strength Pareto evolutionary algorithm (SPEA) to 

determine the optimal size and optimal power management strategy parameters for an HRES 

with the aim of minimizing total cost, unmet load, and fuel emission simultaneously. Abedi et al. 

[24] presented a MOP to minimize simultaneously total cost, pollutant emissions, and unmet 

load of an HRES. For this task, differential evolution algorithm (DEA)/fuzzy techniques have 

been used to find the best combination of the components and control strategies for the HRES. In 
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another research, Ould Bilal et al. [25] carried out an optimal sizing of an HRES including solar–

wind–battery system for the Potou site in the North Coast of Senegal. They used multi-objective 

genetic algorithm with two objectives: minimization of the annualized cost of the system and 

minimization of loss of power supply probability. Shi et al. [26] used a multi-objective genetic 

algorithm (non-dominated sorting genetic algorithm, NSGA-II) to find a set of Pareto-optimal 

solutions in a single run for optimization of isolated hybrid systems. They tested the proposed 

method on a hybrid PV-wind-battery power system using total system cost, autonomy level and 

wasted energy as the objective functions. 

In brief, few articles applied MOP to design an HRES usually using Pareto-based techniques 

which require ranking and pairwise comparison operations. Most of them used the well-known 

MOP algorithms without modifications while an efficient meta-heuristic algorithm requires 

modifications to be adapted for a specific problem. In addition, there is a lack of generating a 

high performance PF. That is, the quality of PFs is not discussed in the previous studies. The 

quality of a PF reflects its characteristics such as diversity of points and uniformity of points over 

the non-dominated set [16]. However, there is a need for using quantitative measures to evaluate 

the quality of approximate PF sets.  

 In this paper, a novel approach is established for optimal design of an HRES including various 

generators and storage devices. A dynamic multi-objective particle swarm optimization 

algorithm which is a Pareto-based search technique has been proposed to minimize 

simultaneously total net present cost of the system, unmet load, and fuel emission. The attractive 

features of this approach are generating a higher performance PF than well-known MOP 

approaches. It means the outcome PF is assigned a vector of real numbers that reflect different 

aspects of the quality for comparing the obtained result by different algorithms. Furthermore, the 
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generated PF is exhibited by an innovative way, which significantly helps DMs in interpreting its 

attributes. The flexibility in considering more renewable sources and storage devices as well as 

more precise models for the components is another advantage of the model.   

This paper is adopted from the previous work developed by the authors [27] in which ɛ-

constraint method was proposed for optimal design of an HRES.  In the previous work, the used 

mathematical models in the simulation module and the optimization problem are demonstrated. 

In this study, the chief aim is to design an efficient and effective Pareto-based MOP algorithm to 

generate a Pareto front with high quality.  

The basic concepts for the multi-objective optimization problems are introduced in Section 3.4. 

Section 3.5 is devoted to the problem description. The solution approach and the proposed multi-

objective PSO algorithm are described in Sections 3.6 and 3.7. The used performance metrics to 

assess the PF quality are introduced in Section 3.8. The results of optimizing a case study along 

with sensitivity analysis result are exhibited in Section 3.9. Finally, conclusion and future 

research are given in Section 3.10. 
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 Nomenclature 3.3.
  

   Investment cost [€/unit]             
Hydrogen  upper limit level in the 

H2-tank [m
3
] 

     O& M cost [€/unit]   Interest rate [%] 

     Replacement cost [€/unit]   Single payment worth 

    Capital recovery factor    

Number of cells designed for i
th
 

dimension 

      Fuel cost [€/lit] N  Number of solutions 

  Constant weighting parameter     Loss of load probability [%] 

            System CO2 emission [kg/year]     PV panels capacity [kW] 

   Sigmoid function     Wind turbines capacity [kW] 

  Hourly energy demand [kWh]       Wind turbine rated power [kW] 

  
 

 
Cell width of the i

th
 objective 

Dimension of g
th
 generation 

     Battery capacity [kWh] 

DiM Diversification metric     Electrolyzer capacity [kW] 

  ( ) Energy produced by or entered in the 

component j [kWh] 
      H2-tank capacity [kW] 

    Energy produced by PV panels [kWh]     Fuel cell capacity [kW]  

    
Energy produced by wind turbines 

[kWh] 
     Diesel generator capacity [kW] 

    Excess energy [kWh]     Best experience for particles  

        Excess energy put into batteries [kWh]        True Pareto front 

       
Excess energy put into the electrolyzer 

[kWh] 
              

Maximum capacity of the 

component j 

         
Energy put into the H2-tank by 

electrolyzer [kWh] 
 (   ) 

Rank of the solution x  in generation 

g 

         
Energy put into the fuel cell by the H2-

tank [kWh] 
SM Spacing metric 

         
Energy put into load by the fuel cell 

[kWh] 
SC Set coverage metric 

          
Energy put into load by batteries 

[kWh] 
    Battery state of charge [%] 

     
Power charged or discharged from 

batteries [kWh] 
       SOC lower limit [%] 

   Emission factor [kg/lit]        SOC upper limit [%] 

  
 

 i
th
 objective function in g

th
 generation          

Unmet load during time step t 

[kWh] 

            Annual fuel consumption (lit/year).   Project life time [year] 

    Fitness value     
The d

th
 dimension of particles 

position vector 

    Global best particle     

The d
th
 dimension of particles 

velocity 

        Hydrogen  level in the H2-tank [m
3
]   Inertia coefficient 

            
Hydrogen  lower limit level in the H2-

tank [m
3
] 

α Crowding distance value 
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 Multi-Objective Optimization Problem 3.4.

In multi objective problems, the goal is to optimize k objective functions simultaneously that 

have a possibility of conflict to one other [16]. The basic concepts are introduced for the multi-

objective optimization problems.  

Definition 1 (Multi-objective optimization problem): A general MOP is characterized as [16, 28, 

29]: 

Minimize (or Maximize)  ( )  (  ( )       ( ))  ( 3-1) 

Subject to: 

  ( )     ,                 ( 3-2) 

  ( )    ,               

      

( 3-3) 

where, Ω contains all possible   that can be used to evaluate F(x). 

Definition 2 (Pareto dominance): A vector   (         ) is said to dominate another 

vector   (         ) (noted by      ) if and only if u is partially less than v, [16]: 

                                      ( 3-4) 

Definition 3 (Pareto optimality): A solution      is said to be Pareto optimal with respect to   

if and only if there is no      for which    (  )     ( 
 )       (  )  dominates   

 ( )     ( )       ( )  [16]. This definition says that    is Pareto optimal, if there is no 

feasible vector   which would decrease some criterion without causing a simultaneous increase 

in at least one other criterion (assuming minimization).  
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Definition 4 (Pareto optimal set): For a given MOP the Pareto optimal set (  ) is defined as 

[16]:  

           |         (  )   ( )  ( 3-5) 

Definition 5 (Pareto Front): The definition of the Pareto front (   ) is described as Equation 

( 3-6) for a given Pareto optimal set of a specific MOP [16]: 

         ( )|      ( 3-6) 

In this paper, the true PF for the problem is not known. Accordingly, it is distinguished as the 

true Pareto optimal front, termed       , and the final set of non-dominated solutions obtained 

by a multi-objective optimization algorithm, termed as        . The aim of the multi-objective 

optimization algorithms is to find a         and approximates        as close as possible [2].  

 

 Problem Description 3.5.

To perform and evaluate the proposed methodology described in this study, a stand-alone 

PV/wind/diesel/battery/FC/electrolyzer/H2-tank system which originates from [23, 24, 27] has 

been used.  It involves PV panels, a wind generator, a diesel generator, and two storage devices 

which are batteries and hydrogen tanks. The configuration of the employed system is depicted in 

Figure 3-1. The PV panels and wind turbine as the main generators produce electricity while the 

diesel generator is used in emergency situations. When the load is less than produced energy by 

the PV panels and wind turbine, the excess energy is put into batteries to charge them. If there is 

still excess energy, it is put into the electrolyzer to convert to hydrogen and stored in the H2-tank. 

The batteries and fuel cell help in supplying energy, when the load is more than that generated 

power.  
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The design problem of the HRES is formulated as a multi-objective optimization problem to 

improve simultaneously the environmental, technical, and economic performances. Three 

objective functions (minimizing NPC of the system, total CO2 emissions produced by diesel 

generators, and loss of load probability) are considered with the following decision variables:  

                                    

where,     is the capacity of PV panels (kW),     is the capacity of the wind turbine (kW),  

     is the capacity of batteries (kWh),     is the capacity of the fuel cell (kW),     is the 

capacity of the electrolyzer (kW),       is the capacity of the H2-tank (kWh), and      is the 

capacity of the diesel generator (kW). Our goal is to seek the optimal system configuration with 

low total system NPC, low LLP, and low CO2 emission. The following three subsections express 

the optimization problem in more details. 

 

3.5.1. Objective Functions 

-Total net present cost (NPC) of the system: The overall NPC of the system includes the 

investment costs, operation and maintenance costs, replacement costs, and fuel costs of diesel 

generators during the lifespan of the system (Equation  ( 3-7)) [27]. 

     ∑     

 

       

 

   (   )
                             

 

   (   )
 ( 3-7) 

where, j is components indicator,      is the capital cost per unit for the component j,        is 

the operation and maintenance cost per unit for the component j,       is the fuel cost,        is 

the cost of each replacement per unit for the component j, 

and                                     ,             is the annual fuel consumption 
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(lit/year).    and     are single payment present worth and capital recovery factor, respectively 

[11, 23, 24].   is the real interest rate, and   is the project life time which is considered 25 years 

in this study. 

-Loss of load probability (LLP): The system LLP represents the energy deficit, which is the 

ratio of the unmet load to the total load. The system loss of load probability is calculated from 

the ratio of annual energy shortage to electricity demand (Equation ( 3-8)) [23, 24, 27].  

     
∑          ( )    

   

∑   ( )    
   

 ( 3-8) 

where, D(t) is electricity demand, and shortage(t) is unmet load during time period t. 

-CO2 emission: For simplification as well as since CO2 is the most common exhaust gas of the 

diesel generator, only CO2 produced by the diesel generator is considered as pollutant emission. 

In this study, the number of kg of CO2 produced by the diesel generator is calculated using 

Equation (3-9) [23, 24, 27]. 

            ∑        ( )    

 

 ( 3-9) 

where,    is the emission factor for diesel generator which is considered as 2.4-2.8 kg/lit range 

[23]. It depends on the type of fuel and diesel engine characteristics.  

 

3.5.2. Constraints 

The MOP is subject to technical constraints that are essential to meet for generating feasible 

solutions by solving the problem.  Energy balance between supply section and load in each time 

period is the first constraint, Equation ( 3-10). The next three constraints deal with energy and 
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storage level of components. The energy produced by or entered to each component in every 

time,   ( )  should be equal or less than its capacity, Equation ( 3-11); where,    is the time 

interval that is considered as one hour. There is upper and lower limit for the state of charge of 

batteries, in which they are allowed to be charged or discharged, Equation ( 3-12).  Furthermore, 

the hydrogen tank can supply energy till an allowable lower level and can receive hydrogen until 

an upper limit, Equation ( 3-13). Finally, Equation ( 3-14) and Equation ( 3-15) represent non-

negativity constraints for decision variables and energy flow as well as upper limit for decision 

variables.   

   ( )     ( )           ( )           ( )          ( )           ( )

  ( ) 

( 3-10) 

  ( )        ( 3-11) 

          ( )                ( 3-12) 

                   ( )              ( 3-13) 

                   ( 3-14) 

  ( )    ( 3-15) 

The produced energy by the wind turbine, PV panels, electrolyzer, FC, and diesel generator are 

calculated by the models which are used in [23, 24, 27]. These models are implemented in a 

simulation module. The proposed methodology searches for the configuration of 

PV/wind/diesel/battery/FC/electrolyzer/H2-tank that minimizes three mentioned objectives. It is 

suggested that readers refer to the previous works [23, 27] for a detailed explanation of the 

mathematical models and the optimization problem.  
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Figure 3-1: The energy flow of the employed system [27] 

 

 Solution Approach 3.6.

Due to the complexity of the optimal design of an HRES, in this study a simulation-based 

dynamic multi-objective particle swarm optimization approach is used to tackle the complex 

optimization problem.  In complex systems, the optimization techniques alone are not effective 

because of the high dimensional space or nonlinear nature of the problem. It is difficult to 

represent the exact mathematical model of the system while the exact mathematical 

representation of the system has pivotal role in optimization techniques. Additionally, the main 

advantage of using simulation is that all system’s details and uncertainties can be accommodated 

accurately with almost no simplifying assumptions [27]. However, a simulation inherently 

cannot return the optimal design of the system. Consequently, the integration of simulation with 

an optimization search technique can be a legitimate way to represent the complexity of the 

system as well as deliver optimal (or near optimal) solutions in reasonable time. This 

combination is named simulation-based optimization method. In this paper, simulation-based 
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DMOPSO approach has been used to find the optimal (or near optimal) design of the HRES 

(Figure 3-2).  

The decision variables, fitness and constraints are defined in the DMOPSO algorithm. Design 

variables assigned to the capacity of the components are defined in a vector named particle. In 

other words, each particle represents a certain configuration of the HRES. After initializing a 

random population of particles, each particle is sent to a simulation module for checking its 

feasibility. In the simulation, the mathematical model of the components is used to predict their 

output in each time period.  The verification must be performed to ensure the accuracy of the 

simulation, its specifications and algorithms, and also its implementation. In this study, a divide-

and-conquer approach is applied to verify the simulated module [28]. First, the simulation model 

is built in a small size and checked whether it is rightly and logically coded or not. After 

verifying the small model, it is expanded gradually by adding more components to the final 

model.  The simulation is run for 25 years to evaluate the performance of each particle. The 

simulation model calculates the yearly unmet load and CO2 emission produced by the HRES. 

After initializing feasible particles, they are evaluated in the DMOPSO algorithm based on their 

fitness. Stopping criterion is checked, if it is not met, each particle is updated for next 

generations in the framework of the DMOPSO algorithm which will be explained in Section  3.7 

(Figure 3-4). After updating, the particles are sent back to simulation to review their feasibility 

again, and then the simulation result is sent to optimization algorithm for evaluation. This cycle 

is terminated if a stopping criterion is met. After terminating the cycle, the best solutions will be 

returned.  
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Figure 3-2: Flow chart of the DMOPSO-simulation 

 

 Proposed Multi-Objective PSO Algorithm  3.7.

Particle swarm optimization, a meta-heuristic optimization technique, was firstly developed by 

Kennedy and Eberhart in 1995.  PSO algorithm is able to solve continuous problems as well as 

binary or discrete problems. It is inspired by the social behavior of birds flocking [29]. PSO 

algorithm is very simple to implement and can obtain optimal solutions fast [3]. In PSO, a set of 

particles or swarms, which are described by their position and velocity vectors, fly through 

search space by following the current optimum particle. Particles’ motions are defined by a 

vector which defines the velocity of a swarm in the each direction. The best solution for each 

particle obtained so far is stored in a particle memory and named particle experience. In addition, 

the best global particle or social leader denotes as the best solution obtained so far among all 

particles. The velocity and position of each swarm is updated according to its experience and the 

social leader. The achievement of PSO in single objective optimization problems has motivated 
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researchers to modify it for solving MOP which is named multi-objective particle swarm 

optimizers (MOPSO) [3].  

This paper presents a dynamic MOPSO algorithm for optimal design of an HRES. The idea of 

proposed algorithm is taken from MOPSO and multi-leader multi-objective optimization 

algorithm (MLMOPSO) developed by Carmelo et al. [3] and Kian et al. [30], respectively. 

Carmelo et al. [3] applied an external list with limited size to keep all non-dominated solutions 

during generations. Besides, in order to maintain diversity in a swarm, they divided objectives 

space to hyper cubes and considered their fitness. The fitness is equal to the number of non-

dominated solutions inside a hyper cube. Then, a hyper-cube is chosen based on roulette-wheel, 

and a particle inside the hyper cube is randomly selected as the social leader [3]. Kian et al. 

introduced MLMOPSO which is the implementation of multiple leaders in guiding particle 

flights [30]. In this paper, MOPSO concept is used with a different leader selection scheme, 

maintaining diversity approach, and Pareto ranking operator. Generally, there are two methods 

for selecting leaders: selecting one of the best solutions or using multiple leaders to guide the 

particles’ flight [31]. MOPSO selects randomly one leader among all non-dominated solutions to 

use as a guide for the particles in updating their velocities. An improved leader guidance 

introduced by Kian et al. [30] is used in addition to dynamic cell-based density calculation 

strategy which is used to maintain a diverse population [32].  

In dynamic cell-based density calculation strategy, density information for cells and solutions is 

used to achieve diversity in swarms. The objective space is divided into           cells 

[32] (see Figure 3-3). Consequently, the cell width in the i
th

 objective dimension and g
th

 

generation,   
 

, can be calculated as Equation ( 3-16) [32]: 
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 ( )    

   
  

 ( )

  
 ( 3-16) 
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Figure 3-3: Example of diversity methods used in DMOPSO 

where,    refers to the number of cells designed for i
th

 dimension,    
 

  is the i
th

 objective 

function in g
th

 generation, and   is a feasible solution. This method named dynamic since the 

cells width is changed dynamically based on the maximum and minimum of the objectives 

during generations.  The density of a cell is defined with the number of solutions inside the cell 

(Figure 3-3). Thus, the density of the cell is saved as the density value of solutions which are 

dwelled in it. Between two non-dominated solutions, the one with a lower density is preferable. 

The density information can encourage the search toward sparsely inhabited regions of the 

objective function space [33]. The advantage of this approach is its computational efficiency 
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compared to niching or neighborhood-based density techniques [33]. The steps of the proposed 

DMOPSO algorithm are as following (Figure 3-4): 

Step 1: A pool of candidate solutions is randomly generated. 

Step 2: Divide the objective space into K
m
 hyper cubes, where K is the number of cells designed 

for an objective axis and m is the number of objectives. A density is estimated for each hyper 

cube, which is equal to number of non-dominated solutions inside the hyper cube. 

Step 3: The accumulated ranking density strategy is applied to rank the population. In this 

ranking method, the rank of a solution (x) is dependent on the rank of the solutions dominating 

this solution (Equation ( 3-17)) [33]. 

 (   )    ∑  (   )

       

 ( 3-17) 

Where,  (   ) is the rank of a solution in generation g, and  (   ) is the rank of the solution y 

which is dominating the solution x. 

Step 4: Each solution is assigned a fitness value based on its rank in the population. The best 

solutions or first rank are assigned one and the worst swarms are identified by zero. The rest of 

populations are assigned a linear fitness as following, in which N is the number of solutions. 

    
   (   )

   
 ( 3-18) 

Step 5: After assigning fitness to population, the best solutions are stored in an external list.  In 

the next step, the best leaders among all non-dominated solutions stored in the external list are 

selected for guiding the particles to update their velocity.  In this paper, multi-leader method is 

utilized to guide the particles flight. First, a set of solutions is defined as leaders for each particle 
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since they dominate the particle. Each particle has two state variables, its current position   ⃗⃗⃗⃗ ( )  

and its velocity   ⃗⃗⃗ ⃗( ). The best experience for each particle is stored in a particle memory   ⃗⃗⃗ ⃗( ) 

while  ⃗( ) denotes the best global particle among the population. In each iteration, the d
th

 

dimension of the position and the velocity of the particles are updated toward the best experience 

and the leaders by applying recursive Equation ( 3-19) and Equation ( 3-20) [30]. 

   (   )       ( )        (   ( )     ( ))       ∑   

|   |

   

(          ( )) ( 3-19) 

   (   )     ( )     (   ) ( 3-20) 

where, the term    ( ) stands for the inertia velocity and ω is called inertia coefficient. This term 

ensures that not only the velocity of each particle is not changed abruptly but also the previous 

velocity of the particle is taken into consideration. The parameters C1 and C2 are positive 

weighting constants, and denoted as the “self-confidence” and “swarm confidence”, respectively. 

They control the movement of each particle towards its individual versus the global best 

position. The parameters    and    are two uniform random numbers within interval (0 1) [34].  

     refers to a set that stores non-dominated solutions dominating the i
th

 particle;    is a 

sigmoid function that is given by Equation  ( 3-21):  

   
 

  |   |  |   | 
 ( 3-21) 

where, α is the crowding distance value for each non-dominated solution [29].  

Step 6: The mutation is performed in the swarms.  

Step 7: The grid is updated by incorporating the updated population. 
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Step 8: The external list is updated according the dominance rule and by using new solutions 

resulted from the new population [31]. A new solution is entered to the external list, if it 

dominates one or more solutions or it is not dominated by any solution in the external list. When 

it is compared to solutions in the external list regarding dominance rule, the following cases 

could happen;   

Case 1: If there is one solution in the external list that dominates the new solution, the new 

solution is ignored. 

Case 2: If some solutions in the external list are dominated by the new solution, those 

dominated solutions are discarded from the external list and the new solution is added to 

the external list. The density of the hyper cubes is updated. 

Case 3: If the new solution does not dominate any solution in external list and also there is not 

any solution in the external list that dominates it, this solution is added to the external 

list. If the external list size reaches its maximum size, one solution randomly is selected 

from the most crowded hyper cube to discard. Then, the density of the hyper cube is 

updated. 

Step 9: If the stopping criterion is satisfied, the algorithm is terminated and it returns the external 

list. If not, it goes to step 3. 
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Figure 3-4: The flow chart of the proposed DMOPSO algorithm 
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 Performance Metrics 3.8.

Although, generating a PF can be done easily by a multi-objective algorithm, the quality of the 

generated PF has to be evaluated [30]. Thus, it is essential to use quantitative performance 

metrics to evaluate the quality of an approximated set of solutions. In this paper, three popular 

performance measures are used, which are spacing metric, diversification metric, and set 

coverage [35]. These three metrics do not need the true PF for assessment. 

-Spacing metric (SM): It numerically measures the distribution of individuals over a PF. This 

metric is calculated by measuring distance variance of neighboring solutions in PFknown, Equation 

( 3-22) and Equation ( 3-23) [16, 35]. 

   √
 

   
 ∑(    ̅) 

 

   

 ( 3-22) 

       ∑|(  
    

 
)|                       

 

   

 ( 3-23) 

where, n is the number of non-dominated solutions in the PFknown, m is the number of objectives 

and  ̅ is the mean value of all   . When SM is zero, it means all the points spread uniformly [16]. 

That is a PF with less SM is preferred. 

-Diversification metric (DiM): It measures the maximum extension covered by a non-

dominated solution set. Mathematically, this is evaluated by using Equation ( 3-24) [35]: 

    √∑    (‖  
    

 ‖)

 

   

 ( 3-24) 
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where, ‖  
    

 ‖ states the Euclidean distance between two non-dominated solutions of xi and 

yi. The distance of each non-dominated solution to all other solutions should be calculated. The 

maximum distance is used in Equation ( 3-24). In this equation, n indicates the number of non-

dominated solution stored in the external list. 

-Set coverage metrics (SC): It is used to compare two sets of non-dominated solution, Equation 

( 3-25) [16, 35]. 

  (     )  
|      |             |

|  |
 ( 3-25) 

where,           are two sets of non-dominated solutions. If SC = 1, all points in    dominate or 

are equal to all points in    while the SC = 0 implies the opposite [16]. Generally, as there are 

intersections between sets,   it is more common to consider both SC(     ) and SC(     ). We 

can say that    is better than     if and only if SC(     )    and SC(     )    [16]. 

 

 Analysis of Results 3.9.

The proposed methodology is applied for the optimal design of a hybrid PV panels/wind 

turbine/batteries/fuel cell/H2 tank/ electrolyzer/diesel system in a case study located at Zaragoza 

(latitude 41.65
0
), Spain.  The proposed approach is coded in C++ programming environment in a 

2.4 GHz core 2 processor.  In this study, three different electricity load profiles are assumed for 

seasons [23, 27]. The average hourly load in the various seasons is shown in Figure 3-5. The load 

in winter time (December-February) is the lowest one and in summer (June-August) is the 

highest. The time step is considered 1 hour and during this period, wind energy, solar energy and 

load are assumed to be constant [23, 27].   
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Figure 3-5: Daily load profile in the various seasons [27] 

The solar irradiation on the horizontal surface and wind speed profile of the area are shown in 

Figure 3-6 and Figure 3-7. These data are assumed deterministic and the average of last 10 years 

climate data is used for the case study [23, 27]. In Figure 3-6, typical daily horizontal solar 

radiation over different months is shown.    

 

Figure 3-6: Hourly solar irradiation during one year [27] 
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Figure 3-7: Average monthly wind speed at 10m height (measurement height) during one year [27] 

The initial cost, operation cost, and characteristics of components vary with their size and type. 

In this study, initial costs, maintenance costs, and the characteristics of components are 

considered the same as what have been used in the references [23, 27]. 

The application of simulation-based DMOPSO approach in the case study resulted in two 

hundred non-dominated solutions, which are described in Figure 3-8 to Figure 3-11. For further 

analysis, four candidate solutions are chosen and labeled with a boxed design number in 

Table 3-1.  These 200 solutions demonstrate minimum NPC of the system for different LLP and 

CO2 emission. It can be seen in these figures that CO2 emission of the system is decreased 

significantly as LLP is increased to 0.8%. Increasing LLP of the system from 0.8% to 12% 

decreases the CO2 emission moderately. When LLP is larger than 15%, CO2 emission cannot be 

changed significantly.  
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Figure 3-8: The 3D set of non-dominated solutions obtained by DMOPSO 

 

Figure 3-9: The 2D set of non-dominated solutions. CO2 emission vs. LLP 
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Figure 3-10: The 2D set of non-dominated solutions. CO2 emission vs. NPC 

 

Figure 3-11: The 2D set of non-dominated solutions. LLP vs. NPC 

For further analysis, four Pareto solutions are chosen from two hundred non-dominated solutions 

based on their distribution in the objective space and listed in detail in Table 3-1. Four Pareto 

solutions are distinguished with their design number in Figure 3-9 to Figure 3-11. For each 

design, Table 3-1 demonstrates the objective functions values (NPC, LLP, and CO2 emission), 
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the wind generator is preferred over PV panels since the capital cost of a PV array is larger than 

0

1000

2000

3000

4000

5000

6000

7000

8000

9000

50 100 150 200

C
O

2
 e

m
is

si
o
n
 (

k
g
/y

ea
r)

 

NPC (1000 €) 

1 2 

3 

4 

0.0%

5.0%

10.0%

15.0%

20.0%

25.0%

30.0%

50 100 150 200

L
L

P
  

NPC (1000 €) 

1 

2 

3 
4 



88 

 

a wind turbine. In addition, the result shows a little contribution of hydrogen storage. One reason 

for this result can be that hydrogen storage device is more expensive than batteries. Additionally, 

the maximum overall energy efficiency of hydrogen storage device has resulted in 28.9% which 

is less than battery overall energy efficiency (80%).  

Table 3-1: Four candidate designs for the hybrid renewable energy system 

No. of design 1 2 3 4 

PV (kW) 8 6.7 6 8 

Wind (kW) 6.5 6.5 6.5 6.5 

Diesel (kW) 0 0 4.5 1.3 

Fuel Cell (kW) 0 0 0 5 

Battery (kWh) 88.7 31.4 6.1 88.7 

Electrolyzer (kW) 0 0 0 1.6 

H2-tank(m
3
) 0 0 0 1.6 

NPC(€) 80065.3 57065.4 148577 165134 

 LLP (%) 15 26.7 0 4.5 

CO2 Emission(kg/yr) 0 0 7853.02 1243.9 

The performance of the algorithm is tested against three reported multi-objective algorithms in 

the optimal design of the HRES problem. These algorithms are multi-objective particle swarm 

optimization (MOPSO) [36], multi-objective genetic algorithm (MOGA) [16], and  -constraint 

method [27]. They are implemented in C++ source code.   

For fair comparison, all algorithms are run with 1000 generations.  -constraint method, a non-

Pareto based approach, is run 50 times to generate a PF including 50 non-dominated solutions, 

and the other experiments are conducted for 50 runs to obtain the average value of SM and DiM 

metrics for comparison. In other words, by conducting 50 runs for all algorithms, 50 different PF 

are obtained except  -constraint method resulting only one PF. 
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Figure 3-12, Figure 3-13, Table 3-2, and Table 3-3 are the comparative results of 50 independent 

runs of all mentioned algorithms. Table 3-2 presents the average value of the metrics: spacing, 

diversification, PF size and time. It shows that DMOPSO has the largest PF size. It has greater 

PF size than MOPSO since using multi-leader in DMOPSO helps the search procedure to 

discover more non-dominated solutions. This results in keeping the search in diverse regions in 

the search space. The least average of computational time is for  -constraint method because it 

exclusively returns one solution, and it does not need ranking and pairwise comparison 

operations to identify non-dominated solutions.  

Table 3-2: The performance metric values obtained by the algorithms 

  DMOPSO MOGA MOPSO  -constraint 

Spacing 1386.44 2790.3 2270.35 960 

Diversification  4656.52 2357.47 6266.82 1391.04 

PF size 200 49.38 193.24 50 

Time (s) 288.28 281.3 361.1 256 

Figure 3-12 shows box-plot for the spacing metric of the generated PF by the Pareto-based 

algorithms for optimizing the HRES design. It shows that DMOPSO has the lowest spacing 

metric for the problem, thus it generates more uniformity PF than the others. The reason for this 

fact can be that in DMOPSO, using multiple-leaders strategy is much more efficient than using 

roulette-wheel scheme in MOPSO.  
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Figure 3-12: The Spacing metric value obtained by the algorithms (50 Runs) 

Figure 3-13 represents the result obtained for the D metric.  It is observed that D is a positive 

metric; hence, MOPSO is in the first rank because it has maximum average among the other 

algorithms. The next algorithm in terms of D metric is DMOPSO and MOGA, respectively.    

 

Figure 3-13: The diversification metric value obtained by the algorithms (50 Runs) 

Table 3-3 compares the SC metric for DMOPSO and the other algorithms. It shows that most of 

non-dominated solutions generated by DMOPSO dominate those generated by MOPSO and 

MOGA. It can easily be checked by observing the row 1 to 6 in Table 3-3. For example, from 

row 1 and 2 it can be observed that all non-dominated solutions obtained by DMOPSO dominate 

the solutions achieved by MOGA.  In addition, 81% of non-dominated solutions generated by 

DMOPSO are dominating the solutions provided by  -constraint method which was developed 

by the authors in the previous work [27]. The main reason for this fact can be using different 
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leader selection in the PSO algorithm. The result shows that using multi-leader scheme makes 

the PSO more effective in the multi-objective problem. Additionally, using an external list to 

store non-dominated solutions and updating PF in each generation can be another reason for 

improvement in generated solutions by DMOPSO compared to  -constraint method results. 

In general, by achieving good values for SM, DiM, and SC in DMOPSO result, It can be realized 

that using cell-base density and multi-leaders in MOPSO have significant influences on spacing, 

convergence and diversity of non-dominated solutions. Thus, it can be claimed that the generated 

PF by DMOPSO is closer to true PF, and DMOPSO is efficient and stable for using in the 

optimal design of an HRES.  

Table 3-3: The set coverage metric value obtained by the algorithms 

1 SC(DMOPSO, MOGA) 1 

2 SC(MOGA, DMOPSO) 0 

3 SC(DMOPSO, MOPSO) 0.67 

4 SC(MOPSO, DMOPSO) 0.028 

5 SC(DMOPSO,  -constraint) 0.81 

6 SC( -constraint, DMOPSO) 0 

Sensitivity analysis is the investigation of how possible variation of input parameters may impact 

optimal solutions provided by an optimization algorithm under a given set of assumptions [37]. 

In a sensitivity analysis, the value of parameters is changed and the resulted changes in 

performance indices are measured. Therefore, a main goal of a sensitivity analysis is to identify 

which parameters are the most sensitive and most likely to affect system behavior [37].  

In this optimization problem, there are several parameters that are predicated before optimization 

and entered to the model as fixed parameters.  In this regard, economic parameters including 

interest rate, PV panel capital cost, fuel cell capital cost, wind turbine capital cost, electrolyzer 

capital cost, battery capital cost, fuel price, and battery life time can be denoted as the fixed 

parameters.  In this section, a sensitivity analysis is performed to investigate how the variations 
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of these parameters from their predicted values affect the values of the optimal objective 

functions provided by the DMOPSO algorithm. For this purpose, an upper limit and a lower limit 

for the parameters is considered. By setting the parameters at their lower and upper limits the 

DMOPSO is performed.  In our optimization problem, the optimal solutions for the origin result 

in average total cost of 106255.7€ for 25 years, LLP of 7.4%, and CO2 emission of 1889.6 

(kg/year). 

Table 3-4 presents the sensitivity analysis results for eight input parameters used in our analysis. 

Eight parameters that are interested to know the sensitivity of the result respect to their changes 

and the predicted lower and upper limits for them are indicated in column one and two of 

Table 3-4. By running DMOPSO for 50 times, it is resulted that NPC, LLP, and environmental 

objectives have respectively 3.8%, 11.6% and 11.7% standard deviation. Regarding this fact, a 

differences between an objective function and its original value can be ignored when it is equal 

or less than the standard deviation of that objective function. In Table 3-4, those columns 

designated with the symbols “L” and “U” referrer to variety of objective functions in percent 

from its original value while parameters are set at their lower and upper bounds, respectively. 

For instance, when the interest rate is 50% lower than its predicted value (7%), total NPC, LLP 

and CO2 emission objectives are respectively 22.4% higher, 2.6% lower, and 3% higher than the 

original values of these three objectives. As it is obvious from the result, the interest rate and PV 

panel capital cost have more effect on NPC than the others. It is clear that changing the 

parameters does not have significant effect on LLP and CO2 emission as in Table 3-4 all 

corresponding values to these parameters are less than their standard deviation.  
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Table 3-4: The results of sensitivity analysis of objective functions to the variation of the design 

parameters 

Parameters 

Percentage of 

variations for each 

parameter from its 

original value used 

in this study 

Cost objective 
Reliability 

objective  

Environmental 

objective 

  L U L U L U L U 

Interest rate -50% 50% 22.4 -11.8 -2.6 -2.2 3.0 4.1 

PV panel capital cost  -50% 50% -18.8 20.3 -0.1 -5.1 0.4 4.7 

Fuel cell capital cost -50% 50% 0.8 3.8 -7.6 -10.5 2.2 8.4 

Wind turbine capital cost -50% 50% -3.0 7.4 -5.4 -8.0 5.5 6.2 

Electrolyzer capital cost -50% 50% -0.2 2.2 0.0 -8.0 1.1 3.7 

Battery capital cost -50% 50% -6.7 7.5 -3.6 5.4 3.1 -3.4 

Fuel price -50% 50% -6.3 8.3 -10.8 1.4 9.9 0.6 

Battery life time -50% 50% 10.6 -1.6 1.4 -9.5 1.3 7.7 

 

 Conclusion  3.10.

In this paper, a dynamic multi-objective particle swarm optimization method is proposed to 

optimize the design of a hybrid renewable energy system. The solutions define the type and size 

of the included equipment in the HRES. The main criteria of design are to minimize loss of load 

probability, CO2 emission, and total NPC of the system.  The main advantage of the proposed 

approach is that it is able to generate a PF with higher quality than the other reported methods.  

The proposed approach is evaluated using a case study that includes a wind turbine, PV panels, a 

diesel generator, a fuel cell, an electrolyzer, batteries and a hydrogen tank. The case study result 

indicates that wind generators is preferred over PV panels as well as it shows that there is little 

contribution of hydrogen storage. Three well-known metrics are used to evaluate the generated 

PF. By comparing the results of the proposed method with the other reported MOP algorithm, it 

has been concluded that the average spacing metric obtained by the proposed approach is 
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1386.44 which is less than the others. The diversification index is calculated as 4656 which is 

less than MOPSO and greater than the others. The set coverage metric shows that 67% of Pareto 

solutions obtained by DMOPSO dominate the solutions obtained by MOPSO. In conclusion, the 

proposed optimization method can find better solutions and provide a larger range and more 

uniform PF including the system configurations. 

A sensitivity analysis has been performed to test the effect of changing the input parameters on 

the obtained optimal solutions. It is found that by decreasing PV panel capital cost, total NPC 

would be decreased by 18.8% while changing wind turbine capital cost by -50% leads to 3.7% 

change in total NPC. Moreover, changing the investigated parameters does not have significant 

effect on LLP and CO2 emission.  

The proposed model can be used in feasibility studies to design an HRES. For future research, 

stochastic optimization of the hybrid system will be considered since there is uncertainty in the 

availability of renewable energy sources and electricity load.  
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Chapter 4 

 Optimal Design of Hybrid Renewable Energy Systems in Buildings with 4.

Low to High Renewable Energy Ratio  

 

 

 

 

 

 

 Abstract 4.1.

We develop a simulation-based meta-heuristic approach that determines the optimal size of a 

hybrid renewable energy system for residential buildings. This multi-objective optimization 

problem requires the advancement of a dynamic multi-objective particle swarm optimization 

algorithm that maximizes the renewable energy ratio of buildings and minimizes total net present 

cost and CO2 emission for required system changes.  Of interest is to select the renewable energy 

ratio rather than CO2 emissions and total net present cost as an optimization criterion in support 

of developing more sustainable approach for designing building energy systems. Three proven 

performance metrics then evaluate the quality of the Pareto front generated by the proposed 

approach. To evaluate the result of the algorithm, its result is compared against two reported 

multi-objective optimization algorithms in the related literature. Finally, an existing residential 

apartment located in a cold Canadian climate provides a test case to apply the proposed model 

and optimally size a hybrid renewable energy system to achieve various renewable energy ratios 

with minimizes total net present cost. In this test application, the model investigates the potential 
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use of a heat pump, a biomass boiler, wind turbines, solar heat collectors, photovoltaic panels, 

and a heat storage tank to produce renewable energy for the building. Furthermore, the utilization 

of plug-in electric vehicles for transportation reduces gasoline use where all power is generated 

by the building, and the utility provides the means to match intermittent renewable generation 

from solar and wind to building electrical loads. Model results show that under the chosen 

meteorological conditions and building parameters, a wind turbine and plug-in electric vehicle 

technologies are consistently the optimal option to achieve a target renewable energy ratio. In 

particular, the optimization result shows that the renewable energy ratio can achieve near 100% 

by installing a 73 kW wind turbine, a 200 kW biomass boiler, and using plug-in electric vehicles. 

This option has a net present cost of C$705180 and results in total CO2 emission of 2.4 ton/year. 

Finally, a sensitivity analysis is performed to investigate the impact of economic constants on net 

present cost of the obtained non-dominated solutions.  

 

 Introduction 4.2.

In the last decades, fossil fuel consumption and consequently its environmental impact has 

become a substantial universal concern. The building sector amounts to 40% of total energy 

demand. Currently, residential buildings are responsible for the major share (70%) of energy 

consumption in the building sector [1]. Thus, demand and supply side planning is required to 

decrease the energy demand of buildings and to provide the rest of the energy load with potential 

renewable resources. In addition, political limitations and state subsidies encourage users to 

search for environmental friendly solutions [1, 2]. The concept of Zero Energy Building (ZEB), 

which is expected to be the future perspective of buildings design has become a worldwide issue 

over the last decade [2]. ZEB are defined as buildings whose annual energy requirement is 
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supplied purely by renewable energy sources (RES) [1]. Therefore, ZEB can be stated as master 

plan for increasing the renewable energy ratio (RER). RER is defined as the amount of 

renewable energy generated divided by the total primary energy used. 

The cost of renewable energy technologies can be attractive in the case of wind and solar energy. 

Their intermittent nature makes them more difficult to integrate to the grid. Hence, optimal 

sizing of a building renewable energy supply system can significantly impact its economic 

performance and consequently its reliability. In the design stage of a building energy supply 

system, many aspects have to be considered including economic performance, environmental 

impact, and reliability issues. In other words, decision makers, who are in charge of building 

energy system design, must make a trade-off between different options providing a wide range of 

cost, renewable energy ratio, need for energy storage, environmental impact, and reliability. It 

means this engineering problem needs simultaneous optimization of these conflicting objectives.  

Multi-objective optimization methods can be applied as a worthwhile alternative to address 

conflicting objective functions of complex optimization problems. The outcome of multi-

objective optimization approaches is a set of solutions named the Pareto front. It provides  

information for decision makers to do a comparison between solutions and select a solution 

according to preferred objectives [3]. Many studies have proved that implementation of a multi-

objective optimization  problem (MOP) is not only difficult, but requires a large number of 

calculations to return a set of non-dominated solutions [4]. Similarly, multi-objective design of a 

hybrid renewable energy system (HRES) is a complex problem because of fluctuating energy 

prices, variable energy demand, and randomness of weather conditions.  

Many models are developed to assess and design energy supply of buildings. Designers of ZEB 

often use trial and error approaches to find the optimal energy supply system design for a 
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specific building. The summary of studied recent literature in optimal design of hybrid renewable 

energy system for the buildings sector is summarized in Table  4-1 with most researchers using a 

single objective approach to design energy supply systems. Milan et al. [1] performed a linear 

programming model for optimal sizing of 100% renewable supply systems for a ZEB. The chief 

aim of their model was to find the minimum of the overall system costs. They applied their 

methodology for a building located in Denmark with three technologies including PV panels, 

solar collector, and heat pump. Dagdougui et al. [5] implemented a dynamic model using an 

integrated HRES to supply a building thermal and electrical energy loads. The model was 

applied to optimize a complex hybrid system including PV panels, a wind turbine, solar 

collectors, biomass heating, electrical network, and storage devices. In their study, a model 

predictive control (MPC) was employed to search the optimal solution. Lee et al. [6] explained a 

methodology for determining the optimal size of RE technologies which can be applied in the 

conceptual design of the energy supply systems of buildings. The method was described based 

on using RETScreen software developed by Natural Resource Canada. The proposed approach 

was tested in two case studies: a solar water-heating system merged to a district heating network 

and an integrated energy system for an office building. The second case comprised a solar water-

heating, a heat pump, PV panels, an electric chiller, and a NG boiler. They considered four 

design criteria to optimize separately; initial cost, annual reduction of CO2 emissions, cost 

effectiveness, and net present value. Their method is simple to implement but it suffers from 

simultaneously considering all objective functions as well as looking for optimal solutions in the 

whole search space. Prasad et al. [7] used HOMER simulation software to design an energy 

system consisting of PV panels, a wind turbine, and a standby generator for ZEB. The net 

present cost was considered as the performance metric of the system to evaluate different 



103 

 

configurations. Rezaei et al. [8] stated an analysis to compare various renewable energy options 

for four different buildings in Canada. A heat pump for heating and cooling purpose, solar 

collectors for space heating or hot water, and PV panels to generate electricity was dedicated to 

the case studies. Their results indicated that if the target would be obtaining minimum budget, 

the solar water heaters are the best choice while the hybrid systems are the best choice in terms 

of CO2 emissions. Jiang et al. [9] designed and tested a green building energy system including 

renewable energy, energy storage, and energy management. They described the architecture of 

the proposed green building energy system and a computer simulation model to study the control 

strategies for the energy system. Although, they used plug-in electric vehicle (PEV) to meet the 

transportation load, the optimal sizing of the energy system was not investigated as well as they 

did not study the impact of using renewable energy on the total net present cost (NPC) and CO2 

emission. Fabrizio et al. in [10] and [11] presented a methodology based on the energy hub 

concept to model and optimize the energy system of buildings. The model was customized to be 

applied at the step of conceptual design of buildings when cost, energy consumption, and CO2 

emission are examined as the design criteria. Although their approach seems effortless in 

implementation, ignoring storage devices may be one of its drawbacks. Ooka et al. [12] used 

genetic algorithm (GA) for optimal sizing of building energy supply systems. The main goal of 

the their method was to return the best combination of components, capacity and operational 

planning for providing cooling, heating, and power load regarding minimum CO2 emission.  

Thompson et al. [13] used RETScreen software to analyze and compare three renewable energy 

technologies (PV panels,  wind turbine and a biomass CHP) for a small off-grid research facility. 

On the other hand, they applied demand side management (DSM) and supply side management 
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(SSM) simultaneously to improve the energy situation in lower energy cost and cleaner energy 

production.  

More contributions are required in the area of multi-objective optimization methodology for 

building energy supply systems as recommended by many researchers [10]. Few studies can be 

found that applied a multi-objective optimization methodology in designing building energy 

supply systems. Hassoun et al. [14] performed a simulations to identify best possible power 

design options for a ZEB located in Lebanon. They compared different power configurations to 

provide all electrical load with least NPC, maximum renewable energy fraction, and least 

greenhouse gases emissions. Their results proposed a combination of PV, a wind turbine, 

batteries, a converter and  diesel generator as the optimum renewable energy system for the total 

load of 90 kWh/day. Furthermore, an exergy analysis was carried out to explore the impact of 

using a PV/thermal system to heat the water instead of  using a PV stand alone system. Fux et al. 

[15] developed a simulation tool to compare different configurations of a stand-alone building 

energy system for determining the best sizes of the employed components. In the employed 

HRES, both thermal and electric RE resources were integrated and mentioned as the contribution 

of the tool. By performing the simulation for different configurations, they generated a PF 

including 13 non-dominated solutions regarding both NPC and global warming potential.  

Rosiek et al. [16] compared three different solar-assisted hybrid building cooling, heating and 

power systems which are reported as alternatives to the conventional system for the existent 

office building located in Almería (Spain). They calculated a set of performance indexes that 

consists of primary energy and CO2 savings, initial cost, operating cost, maintenance cost, 

avoided costs and payback period. Chua et al. [17] developed an evaluation tool based on a 

simulation approach to study the potential of hybridizing renewable technologies in aiding tri-
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generation systems to fulfill required cooling, heating and power load of a commercial building. 

Their hybrid system consists of four key components: PV/thermal, solar/thermal, fuel cell, micro 

turbine and absorption chiller-water system. They analyzed 8 different cases based on the 

operation cost reduction, energy saving, and minimum environmental impact. Besides, they 

defined performance factor indicator (PFI) to combine three main criteria for the evaluation 

process.  

In summary, there is a lack of using an efficient multi-objective optimization algorithm to search 

for optimal solutions instead of using simulation approach that evaluates the performance of a 

limited number of configurations. Additionally, the integration of transportation into a building 

energy supply system is seldom considered so that PEV are not part of an optimal HRES design. 

Hence, it can be represented as a future research direction to study how new transportation 

technologies may affect total NPC and CO2 emission of HRESs. In other words, the design of 

HRESs should consider not only electricity, cooling and heating load but also the required 

energy for transportation.  

In this paper, a multi-objective approach is proposed to take into account the renewable energy 

ratio as performance indicators rather than economic and environmental criteria when optimizing 

the design of buildings energy supply systems. The contribution of the present work is that a 

comprehensive energy supply system is studied by addressing the optimal component sizing of a 

building energy system integrating electric, thermal, cooling, and transportation demand. 

Moreover, previous work tried to design a 100% renewable energy supply system while in this 

study renewable energy ratio is examined as an objective function to provide solutions that 

consider the trade-off between the economic aspect and the RER level. The renewable energy 

system is simulated on an hourly basis within a C++ programming environment. Then a dynamic 
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multi-objective particle swarm optimization algorithm (DMOPSO) is implemented and linked to 

the simulation to handle the optimization. The generated PF is evaluated by three well-known 

performance metrics that will be explained in Section  4.7. This paper is the extension of the 

previous work [18] in which DMOPSO algorithm was demonstrated for optimal sizing of 

HRESs.  In this study, the main aim is to utilize the designed Pareto-based MOP algorithm in a 

new design problem. A MOP algorithm is implemented to obtain the optimal design of a RE 

supply system of a building.    

Section 4.4 describes an overview of the design problem. Section  4.5 presents the mathematical 

models employed in the optimization problem as well as in the simulation module. The basic 

concepts of DMOPSO are discussed in Section  4.6. Section  4.7 is devoted to the definitions of 

used performance metrics to evaluate the generated Pareto fronts. Section  4.8 represents a case 

study including the evaluation of its results and usability testing. Finally, Section  4.9 summarizes 

the research findings, proposed approach strengths, limitations, and suggested future research. 
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Table 4-1: The summary of the literature review 
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Milan et al. [1]  ● ●  ●  ●  NO Minimize total NPC ● ● ● ●  LP 

Dagdougui et al. [5] ● ● ● ●   ●  NO Minimize deviation from energy demands  ● ● ● ●  MPC 

Lee et al. [6]  ● ●  ●   ● NO 

Minimize initial system cost 

Minimize CO2 emissions 

Minimize cost effectiveness 

Minimize net present value 

● ● ● ●  GRG nonlinear 

Prasad et al. [7] ● ●     ● ● NO Minimize total NPC   ●   Simulation 

Rezaei et al. [8]  ● ●  ●    NO 
Minimize total NPC 

Minimize CO2 emission 
● ● ● ●  

Calculation-

based 

Jiang et al. [9] ● ● ●   ● ● ● NO Energy management ● ● ● ● ● Simulation 

Fabrizio et al. [10], [11]  ● ● ● ●   ● NO 

Minimize total NPC 

Minimize CO2 emission 

Minimize energy consumption 
● ● ● ●  

Calculation-

based 

Ooka et al.[12]     ●   ● NO Minimize CO2 emission ● ● ● ●  GA 

Thompson et al. [13] ● ● ●     ● NO 
Minimize energy cost 

Minimize CO2 emission 
● ● ● ●  Simulation 

Hassoun et al. [14] ● ●     ● ● Yes 

Minimize total NPC 

Maximize RER 

Minimize CO2 emission 
  ●   Simulation 

Fux et al. [15] 
 

● ●    ● ● Yes 
Minimize total NPC 

Minimize CO2 emission 
● ● ● ●  Simulation 

Rosiek et al. [16]  ● ●  ●   ● Yes 

Minimize total NPC  

Minimize CO2 emission 

Maximize energy saving 
● ● ● ●  

Calculation-

based 

Chua et al. [17]  ● ●     ● Yes 

Minimize operation cost 

Maximize energy saving  

Minimize CO2 emission 
● ● ● ●  Simulation 
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 Nomenclature 4.3.
  

        Required land for biomass production 

[m
2
] 

    Electricity consumption by heat pump 

[kWh] 

     Upper limit for building roof area [m
2
]      Electricity consumption by PEV 

[kWh] 

    Area of PV panels installed on the 

building roof [m
2
] 

      Sold electricity to the grid [kWh] 

    Area of solar collectors installed on the 

building roof [m
2
] 

    Net power generated by PV panel 

[kWh] 

   Wind turbine rotor swept area [m
2
]        PV panel power output [kWh] 

           Annual available biomass [ton/year]         Rural PV panel power output [kWh] 

C Coverage metric      Net power generated by Wind turbine 

[kWh] 

       Biomass collection cost [C$/ton]        Wind turbine power output [kWh] 

      Biomass storage cost [C$/ton]     Emission factor of grid electricity [kg 

CO2/KWh]  

      Biomass transportation cost [C$/ton.km]       Emission factor of gasoline [kg/lit] 

        Sold electricity price [C$/kWh]      Emission factor of NG [kg CO2/m
3
] 

        Purchasing electricity price [C$/kWh]       Annual electricity bought from the 

grid [kWh/year] 

     Gasoline price [C$/litre]       Annual sold electricity [kWh/year] 

     Capital cost of component j [C$/unit] EOT Equation of time [min] 

    Natural gas price [C$/m
3
]     Hourly gasoline consumption [kWh] 

   Wind turbine power coefficient      Annual gasoline consumption [lit/year] 

       Operation& maintenance of component j 

[C$/unit] 
      Heating load provided by biomass 

boiler [kWh] 

       Replacement cost of component j 

[C$/unit] 
     Heating load provided by heat pump 

[kWh] 

     Cooling load provided by air refrigerator 

[kWh] 
     Heating energy generated by NG 

boiler [kWh] 

     Cooling load provided by heat pump 

[kWh] 
     Higher heating value of biomass 

[Mj/kg] 

      Coefficient of performance for air 

refrigerator 
       Higher heating value of gasoline 

[Mj/kg] 

         Coefficient of performance of heat pump 

in cooling mode 
      Higher heating value of NG [Mj/kg] 

         Coefficient of performance for heat pump 

in heating mode 
  ( ) Hourly heat pump energy output 

[kWh]  

CRF Capital recovery factor     ( ) Level of hot water in storage tank in 

time step  t [kWh] 

    Excess electricity [kWh]            Hot water load provided by biomass 

boiler [kWh] 

        Bought electricity [kWh]           Hot water load provided by heat pump 

[kWh]  

    Electricity consumption by air refrigerator 

[kWh] 
          Hot water generated by NG boiler 

[kWh] 

          Hot water generated by SC [kWh]     Hourly unmet electricity [kWh] 

         Total hot water sent to load [kWh]      Hourly unmet heating [kWh] 
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  Interest rate [%]        Solar collector water input temperature 

[
0
C] 

     Direct normal irradiance [kWh/m
2
]       Time zone difference 

        Beam radiation [kWh/m
2
]       Solar collector heat loss coefficient 

[W/m
2
K] 

        Sky diffuse radiation [kWh/m
2
]           Hourly unmet cooling energy [kWh] 

        Ground reflected solar radiation [kWh/m
2
]   

   Total solar radiation on tilted surface 

[kWh/m
2
] 

     Hourly unmet hot water[kWh] 

K Single payment present worth     Wind turbine cut-in wind speed [m/s] 

         Cooling demand [kWh]     Wind turbine cut-off wind speed [m/s] 

    Heating demand [kWh]      Wind turbine rated wind speed [m/s] 

    Hot water demand [kWh]          Compressor capacity [kW] 

       Local longitude [Degree] Z Wind turbine hub height [m] 

       Loss of load probability upper limit[%]     PV panel efficiency[%] 

   Biomass flow rate [kg/hr]     Solar collector efficiency[%] 

MS Maximum spread metric     Biomass boiler efficiency[%] 

    Annual NG consumption [m
3
/year]     Inverter efficiency[%] 

      Biomass boiler capacity [kW]      Natural gas boiler efficiency [%] 

       Upper limit of the capacity of components     Rectifier efficiency[%] 

       Lower limit of the capacity of components         Transportation allocation coefficient of 

gasoline car 

    Heat pump capacity [kW]         Transportation allocation coefficient of  

PEV 

      Heat storage tank capacity [m
3
]        Cooling allocation coefficient of air 

refrigerator 

    Solar collector capacity [kW]        Cooling allocation coefficient of heat 

pump 

     Wind turbine rated output power [kW]        Heating and hot water allocation 

coefficient of biomass boiler 

    Wind turbine capacity [kW]        Heating and hot water allocation 

coefficient of heat pump 

  Spacing metric ξ Sun azimuth angle [Degree] 

T Project life time[year]  ε Tilt angle [Degree] 

    Renewable energy ratio[%]   Latitude[Degree] 

            Hourly ambient temperature [
0
C]   Solar declination angle [Degree] 

        Summer design temperature [
0
C]   Zenith angle [Degree] 

        Heating design temperature [
0
C]   Plate azimuth angle [Degree] 

     Entering fluid temperature in HP [
0
C]   Air density [kg/m

3
] 

   Ground temperature [
0
C]   
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 Problem Statement  4.4.

The main goal of this study is to increase the renewable energy ratio of a building located in cold 

climate by using different renewable energy conversion technologies. To supply the energy need 

of a building, a grid-connected hybrid renewable energy system has been designed. This energy 

system may include wind turbine, PV panels, solar thermal collectors, heat pump, biomass boiler 

and heat storage tanks. Figure 4-1 demonstrates the arrangement of the employed energy supply 

system. A natural gas boiler, air refrigerators, and grid are utilized as backup systems when the 

RE sources are not able to provide the energy demand. It is supposed that PV panels and wind 

turbines are the main electricity generators, where the grid is utilized as a backup source. In other 

words, the grid helps in supplying electricity when the produce electricity by RE resources is less 

than electricity load.  

There is a constraint on the available installation area of PV panels in the building as well as it is 

not permitted to install wind turbine within the city boundaries. In this study, in order to 

overcome these limitations a heuristic approach is proposed. The wind turbines would be 

installed outside the city boundaries in a rural area. PV panels can be installed on both building 

rooftops and in rural areas.  The produced electricity by PV panels and wind turbines installed in 

rural areas can be sold to the electric utility using net metering so that each building can gain the 

benefit of using wind turbines and PV panels in more optimal locations, reduces urban sprawl, 

and prevents ZEB to contribute to GHG’s by allocating limited financial resources less 

optimally. 
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Figure 4-1: Energy flow of the proposed hybrid renewable energy system 

The heat pump extracts heat from the ground to meet the heating load in winters and cooling 

load in summer time. A heat pump transfers heat by circulating a fluid refrigerant. In winter, the 

refrigerant is evaporated at low pressure and absorbs heat from the ground. A compressor 

increases the pressure of refrigerant to be condensed at high pressure in a condenser and releases 

the heat that it absorbed in the cycle into the building. In summer time, the process is reversed, 

and the heat pump extracts heat from the indoor air and releases it to the ground. The biomass 

boiler combusts solid biomass fuel to provide required heating for space heating and hot water. 

In this study, it is assumed that the biomass can be cultivated, collected and stored elsewhere and 

then transported to the building place on demand. The biomass is considered to be 40 km from 

the building location, as shown in Figure 4-2. We assume there is no limitation to grid connect 
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the wind turbine and PV panels and using net metering if the facilities meet technical 

requirements [19]. Solar collectors provide hot water for the building. A heat pump and biomass 

boiler also supply hot water when the solar collectors are not able to meet load. Heat storage 

tanks are used to store hot water. Furthermore, when the heat pump, biomass boiler and solar 

collectors are not able to provide the heating and hot water demand, the existing natural gas 

boiler supplies the required energy. 

 

 

Figure 4-2: Distance between solar and wind generation and the building 

There are two options to meet required transportation of the building, using PEV and gasoline 

cars. It is assumed that the energy required for PEV is met by electricity, if there is no enough 

electricity, gasoline will be used to guarantee the load. A heat pump or backup air refrigerators 

will cover the cooling load during summers.    

There are two options to meet the transportation requirements of building occupants: PEV and 

gasoline cars. Hydrogen vehicles are not considered as round trip efficiencies for hydrogen made 

from renewable electricity are to low compared to PEV which requires accounting for GHG’s 

due to large conversion losses. It is assumed that the energy required for PEV is met by building 
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electricity when possible. A heat pump or air conditioners will cover the cooling load during 

summers.    

The main goal of this study is to provide the most suitable energy supply system configuration 

for a building. In other words, the developed approach returns the best combination of proposed 

technologies and corresponding optimal size of its components. It is intended to simultaneously 

minimize the total net present cost of the system for its entire life time, minimize annual CO2 

emission and maximize RER while satisfying a certain level of reliability. For this purpose, a 

practical optimization tool has been developed, which is constructed based on hybridizing 

simulation with an optimization algorithm. In this regards, the heating, cooling, and electricity 

load profile on hourly basis is defined for the building in a reference year. Further, relevant 

hourly weather data of the year is entered to the model as input data. To specify employed 

technologies, the actual cost data is considered as well mathematical models and the technical 

structures are stated for the components. Based on these data, three objective functions are 

optimized with respect to the energy balance equations and other technical constraints. The 

expected results of the model are the optimal combinations of the examined renewable energy 

conversion technologies and their corresponding optimal capacities. Besides, the model returns 

system performance throughout a reference year. It is notable that in this study, the main focus is 

on the energy supply system whereas the life cycle cost analysis of the whole building is not 

carried out. Additionally, the optimization of building envelope is not considered, and it is 

assumed as its current situation.  
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 Multi-Objective Optimization Problem Formulation 4.5.

This study attempts to emphasize optimization of the proposed design problem by using a 

simulation-based optimization approach, Figure 4-3. The main feature of using simulation 

module is that we can incorporate all details and randomness of the system with an acceptable 

accuracy level.  In this case, the optimization algorithm is responsible to search for optimal 

design [20].  

OPTIMIZATION

(DMOPSO)
SIMULATION

P

ɛ

INPUT: Ib,n , Idif , Load, 

Tout , Long, Lat, time zone, 

ηPV ,ηSC, Tinlet, Uloss, 

Vwind,hr ,...

RER

Emission(kg/year)

Ebought

Esold

NGyr

Gasolineyr

INPUT: CI,j, CO&M, 

Celec,b,Celec,s,CNG, Cgas  W, 

Population size, ...

Biomassyr

LLP

OUTPUT: PF including 

Popt and ɛopt

 

Figure 4-3: The simulation-based optimization approach flow diagram 

The formulation of the optimization problem including decision variables, objectives and 

constraints exactly has been implemented through the employed optimization algorithm. The 

simulation module is responsible for accommodation of mathematical models of the energy 
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suppliers.  First, a set of random solutions is generated to initialize the population of particles, 

and then the simulation module receives the candidate solutions to test their practicability. 

Indeed, the role of simulation module is to compute the performance of each proposed 

configuration such as RER, CO2 emission, and LLP. The next step is related to checking the 

stopping criterion, if that will not be satisfied, the set of solutions are updated according to 

operators applied in the optimization algorithm. The updated population again has to send back 

to the simulation module to check its feasibility. The finishing point of this cycle is determined 

by defined termination criterion. The outcome of this computational procedure is a set of non-

dominated solutions stated as the best solutions found so far, Figure  4-3. 

The mentioned optimization problem in Section  4.4 is formulated as a MOP problem subjected 

to a set of constraints, in which decision variables are defined as the installed capacity of the 

components. Moreover, the allocation coefficients of the technologies to meet heating, cooling, 

electricity, and transportation load are also defined as decision variables. The allocation 

coefficient is defined as the portions of energy load that must be provided by the corresponding 

component. These coefficients are defined to aid the model in selecting the best dispatch strategy 

if two or more components are chosen to provide energy load simultaneously. Three objective 

functions are considered: total NPC, RER, and CO2 emission. The constraints represent the 

energy balances between components and other technical constraints, which introduce the 

physical concept of the problem. The following section presents the mathematical formulation 

for the objective functions and constrains.  
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4.5.1. Objective Functions  

-Economic criteria: Total net present cost of the employed system over its life time is 

considered as one of the objective functions. The life time of the system is marked as 25 years 

that is equal to the longest lifespan of elements.  Decision variables of the model are summarized 

in the following vectors:  

 ⃗⃗                                        

 ⃗                                                  

where,     is the size of PV panels (kW) installed on the building roof,     is the size of the 

wind turbine (kW),      is the size of the solar collectors (kW),       is the size of the heat 

storage tanks (m
3
),     is the size of the heat pump (kW),      defines the biomass boiler rated 

capacity, and        introduces the PV panels rated power, which should be installed in the rural 

area.         and        stand for heating and hot water allocation coefficient of the heat pump 

and biomass boiler.        and        are the cooling allocation coefficient of the heat pump and 

air refrigerators, respectively.         and         are the allocation coefficient of the PEV and 

gasoline-cars.  

Total NPC consists of investment costs, operation and maintenance costs, replacement costs of 

the technologies, fuel costs, rental cost of the land, biomass collection, storage and transportation 

costs over the project life time, Equation (4-1).   
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 (                  )  
 

   (   )
 

(4-1) 

 

where,      states the capital cost of the element j (C$/unit),        is the operation and 

maintenance cost of the component j (C$/unit),        is replacement cost of the component j 

(C$/unit).         is the electricity price bought from the grid (C$/kWh) ,     is the natural gas 

price (C$/m
3
),         is the electricity price sold to the grid (C$/kWh), and       is the gasoline 

price (C$/litre).      ,          , and       are standing for annual electricity bought from the 

grid, NG consumption, electricity sold to the grid, and gasoline consumption, respectively. 

Moreover, biomass collection, storage and transportation costs are defined by       ,      , and 

     , respectively. CRF is the capital recovery factor and K is single payment present worth 

[20].   is interest rate and T states the project life time.  

-Renewable energy ratio (RER): The renewable energy ratio is defined as the amount of used 

renewable energy divided by the total used primary energy, Equation (4-2).  

    
                

              
 (4-2) 

where, primary energy consumption is equal to total energy reached to the load including 

renewable and non-renewable sources. Renewable energy dedicates the energy load which is met 

by renewable sources. 

-Environmental criteria: In this study, the pollution emission is considered as the 

environmental criteria. It is assumed that only CO2 is the pollution emission since it is the major 
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emission. The produced CO2 is resulted from gasoline consumption of the cars, NG burning by 

the backup natural gas boiler, and emission resulted by the electricity bought from the grid, 

Equation (4-3).  

                                        (4-3) 

where,       is the emission factor of gasoline,     is emission factor of natural gas, and     is 

is CO2 emission produced by consumption of 1kWh electricity. In this study, the value for the 

emission factors is set as what is depicted in  

 

 

 

Table 4-5. 

 

4.5.2. Constraints  

The feasible region of the problem is bounded by a number of constraints dictated on the 

decision variables. It means the constraints limit the decision variables bound, which may be 

resulted from physical, technological, legal, or economical restrictions. The constraints in the 

present study are defined by technical characteristics of the components and by matching supply 

and demand sections. The first equality specifies the amount of hot water demand that should be 

provided by NG boiler, biomass boiler and heat pump. 

      
 ( )          ( )     ( )           ( ) (4-4) 

                   (4-5) 

         ( )                    
 ( )                (4-6) 
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          ( )                    
 ( )                (4-7) 

         ( )          ( )            ( )           ( )  

           ( )     ( )           

(4-8) 

The allocation coefficient for providing hot water and heating by the ground source heat pump 

and biomass boiler are indicated by        and       , respectively. That is, the heat pump is in 

charge of providing        percent of heating and hot water load while the biomass boiler is 

responsible for        percent. These allow model to select different schemes when a heat pump 

and a biomass boiler are used simultaneously. Constraint (4-6) and (4-7) introduce the amount of 

hot water that must be derived from the heat pump and biomass boiler. Constraint (4-8) 

represents the required total hot water supplied by the NG boiler. It is equal to the rest of hot 

water load that is not met by renewable sources and storage tank.  

The heating load that must be supplied by heat pump and NG boiler within time period t is 

defined by Equation (4-9) and Equation (4-10). Constraint (4-11) determines the heating load 

that is yielded by the NG boiler. 

    ( )            ( )                                 (4-9) 

     ( )            ( )                                (4-10) 

    ( )     ( )       ( )        ( )                                   (4-11) 

Unmet hot water and heating load are represented by Equation (4-12) and Equation (4-13). They 

are equal to the difference between the capacity of NG boiler and its heating and hot water load. 

These equations allow us to easily derive LLP for the employed system. 

    ( )          ( )       
    (4-12) 
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    ( )                ( )            (4-13) 

Hot water energy balance takes into account the output of the heat storage tanks, unmet hot water 

and load, Equation (4-14). The heating energy balance equation at the collection node, which is 

indicated in Figure 4-1, is guaranteed by Equation (4-15). The hot water level in the tank at the 

end of period t+1 is equal to the inventory level at previous time period plus the amount of hot 

water generated by the solar collectors, heat pump, biomass boiler and NG boiler during time 

period t minus the quantity of hot water consumed by the building during the same period, 

Equation (4-16).  

        ( )      ( )     ( ) (4-14) 

  ( )      ( )       ( )      ( ) (4-15) 

   (   )     ( )           ( )           ( )   

                                      ( )           ( )          ( )                                                                            

(4-16) 

The next constraint limits the annual biomass consumption to available biomass, Equation 

(4-17). As we have assumed a constant efficiency for NG boiler, then from Equation (4-18), we 

can easily extract the annual NG consumption by the system. For any time period t, total heating 

and hot water supplied by the biomass boiler must be less than its rated capacity, Equation 

(4-19).  

∑ (     ( )           ( ))    
   

        
                                             

(4-17) 

    
∑ (         ( )     ( ))    

   

          
                                  

(4-18) 

     ( )            ( )       (4-19) 
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Equations (4-20)-(4-27) are applied to identify cooling flows which are shown in Figure 4-1. The 

allocation coefficients        and        indicate the portion of cooling load that must be met by 

the heat pump and air refrigerators. Hence, Equation (4-21) and Equation (4-22) are applied to 

calculate cooling need that should be provided by HP and AR, respectively. Equation (4-23) is 

used for calculating unmet cooling energy. The energy balance for cooling energy flows is given 

in Equation (4-24). The cooling load is equal to cooling energy provided by heat pump, AR, and 

unmet cooling energy. 

                (4-20) 

    ( )                  ( ) (4-21) 

    ( )                  ( ) (4-22) 

         ( )          ( )         (4-23) 

        ( )      ( )      ( )           ( )                                  (4-24) 

Total energy supplied by the HP should not exceed its rated capacity, Equation (4-25). The 

electricity required for AR in time period t is the same as cooling energy that it requires divided 

by its COP, Equation (4-26). Likewise, the electricity consumption by the HP is calculated by 

using Equation (4-27). 

    ( )           ( )      ( )    ( ) (4-25) 

   ( )      ( )       (4-26) 

   ( )  
    ( )           ( )

        
 

    ( )

        
 

(4-27) 

 We have allocated the total required energy for transportation between PEV and gasoline car 

using allocation coefficient of          and         for PEV and gasoline car, Equations (4-28) to 
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(4-30). Annual total gasoline consumption by the building residents can be deliberated as 

Equation (4-31).  

   ( )  
          ( )

   
 

(4-28) 

   ( )  
          ( )

    
 

(4-29) 

                  (4-30) 

          
∑    ( )    

   

      
 

(4-31) 

Constraints (4-32) to (4-39) are related to electricity flows in Figure 4-1. The net electricity 

produced by PV panels is calculated by using Equation (4-32). Where,     and     represent the 

rectifier and inverter efficiency. Correspondingly, the net generated electricity by wind turbine is 

considered as the output electricity of the inverter, Equation (4-33). From Equation (4-34) to 

(4-36), the amount of excess energy that must be sold to the grid or electricity deficit that would 

be bought from the network is identified. The sign of     clarifies that the electricity is deficit or 

excess, Equation (4-35) and (4-36).  

   ( )         ( )         ( )          (4-32) 

   ( )        ( )          (4-33) 

   ( )     ( )       ( )     ( )     ( )  (   ( )     ( )) (4-34) 

If              ( )    (4-35) 

If                ( )    (4-36) 
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In Figure 4-1, there are two collection points for electricity flows. The energy balance in these 

points is taken into account in Equation (4-37) and (4-38). Unmet electricity is defined by the 

difference between maximum hourly power allowed to be bought from the grid and the amount 

of electricity that must be bought in the time period t, Equation (4-39).  

   ( )     ( )     ( )       ( ) (4-37) 

   ( )         ( )     ( )       ( )     ( )     ( ) (4-38) 

   ( )              ( )           (4-39) 

 Loss of load probability is defined as total unmet energy divided by total energy load, Equation 

(4-40).  There is a desired level for LLP which is entered to the model by users, Equation (4-41). 

This illustrates the maximum LLP level that designed system can deal with. There is a limitation 

on the available area for installing PV panels and solar collectors on the building roof, which is 

represented by Equation (4-42). Finally, the minimum and maximum level of capacity of 

components is set by Equation (4-43). 

    
   ( )           ( )      ( )      ( )

 
 

(4-40) 

           (4-41) 

             (4-42) 

                 (4-43) 

  

4.5.3. Modeling Energy Supply Systems  

The simulation module is based on hourly time interval analysis of energy demand, wind speed, 

temperature and total solar irradiation. In fact, the simulation module will be applied to calculate 
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the hourly energy generated by using the hourly wind velocity, total radiation on the horizontal 

surface, and temperature. The simulation module consists of 12 subcomponents, which calculates 

the energy generated by different renewable and non-renewable energy technologies for every 

hour, see Figure 4-4.  In the last subcomponent, supplied energy is compared to demand in order 

to calculate operation metrics such as RER or LLP. The following section presents the 

mathematical models of renewable energy components which are used in the simulation module. 
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Figure 4-4: The simulation module diagram 
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4.5.3.1. Solar Radiation 

Solar radiation on a tilted surface having a tilt angle of ε from the horizontal and an azimuth 

angle of ξ is the sum of the components consisting of beam (Ib,tilt), sky diffuse (Id,tilt) and ground 

reflected solar radiation (Ir,tilt) [21]: 

                           (4-44) 

                 ( )       (
 

 
)    (      )    (

 

 
)  (4-45) 

where,      is direct normal irradiance on a surface perpendicular to the sun’s rays,   is the angle 

between the tilted surface and the solar rays which is calculated by Equation (4-46), C is diffuse 

portion constant for calculation of diffuse radiation and it depends on the month [21],   is the 

reflection index which is 0.2 for grass and 0.8 for snow covered ground [21],   is the zenith 

angle.  

   ( )                        (   )  (4-46) 

  and   are stand for the sun azimuth and plate azimuth angle, respectively. In this study the plat 

azimuth angle is assumed 180 degree from north. Equation (4-47), Equation (4-48), and 

Table  4-2 are used to calculate the sun zenith and azimuth angle [21]: 

                           (4-47) 

     
    

                 
 

(4-48) 

Table 4-2: Determination of the sign of solar azimuth 

Sign of α sign tan(ξ) ξ 

+ + 180+Arctan(tan ξ) 

+ - 360+Arctan(tan ξ) 

- + Arctan(tan ξ) 

- - 180+Arctan(tan ξ) 



127 

 

where,   is the solar declination angle and it is calculated by Equation ( 4-49),   is latitude per 

degree and   is solar angle which is determined by using Equation ( 4-50) [21]. 

               (
    

      
)  (4-49) 

d is the number of day when January 1
st
 is equal to one. 

  
   

  
(    ) (4-50) 

where, t  is solar time and it is identified by Equation ( 4-51) [21].  

                          (4-51) 

LST = local standard time or real time; EOT = equation of time to account for irregularity of the 

earth speed around the sun (minutes); Llocal = local longitude (degrees East> 0 and West < 0) and 

tzone is the time zone difference compared to GMT (East > 0 and West < 0) [21].   

B = 360(  - 81)/364  ( 4-52) 

    (minutes)   (                          )  ( 4-53) 

4.5.3.2. PV Panel  

Hourly generated electricity by a PV panel (      ) is computed respecting to hourly tilt radiation 

(Itilt) on an array surface with tilt angle of 45
0
 [1]. 

                        (4-54) 

There is an assumption stating the efficiency of the PV panel (   ) is  remained fixed and equal 

to 15% throughout a whole year [1]. The PV panels and solar collectors tilt angle and azimuth 

angle are assumed constant over a year and set to 45
0
 and 180

0
, respectively.  
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4.5.3.3. Solar Collector  

Hourly produced hot water by a solar thermal collector (STC) is calculated using a simple 

calculation that is indicated by Equation (4-55) [1]: 

         (                   (                  ) (4-55) 

where,       is heat loss coefficient of the solar thermal collector (W/m
2
K),        is the 

temperature of input flow to SC (K), and             is hourly ambient temperature (K). It is 

worth mentioning that in Equation (4-55), there is this possibility that the production rates of hot 

water can be a negative value when there is low solar irradiation. A boundary constraint is 

performed to prevent the negative value of production rate where setting the infeasible value of 

     to zero [1]: 

If      (                   (                  )    

       

(4-56) 

The efficiency of the solar collector (   ) is considered as a constant parameter and equal to 

40% over a whole year [1]. In this study, the heat loss coefficient of the solar thermal collector is 

assumed constant and set at 4.5 (W/m
2
K) [22]. 

4.5.3.4. Wind Turbine  

Wind turbines convert the kinetic energy of wind to electrical energy. There are numerous ways 

for simulating a wind turbine to identify its output power. The simplest models are defined by 

using four characteristic parameters, Vc (cut-in speed), Vr (rated wind speed), Vf (cut-off wind 

speed) and Pr (rated output power). Following model, Equation (4-57), is used to calculate the 

power generated by a wind turbine in each hour [23].  
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 (4-57) 

where, Cp is the wind turbine power coefficient,   is air density (kg/m
2
), Ar is rotor swept area 

(m
2
), and   is wind speed (m/s). The air density is modeled by a function based on air 

temperature and wind turbine height Equation (4-58) [24].  

)/034.0(049.353 TZe
T

  (4-58) 

Another aspect to have in mind is the height of the wind turbine hub. Wind speed ( ) at a height 

of Zrot meters from velocity measured at Z height,     , can be estimated according to Equation 

( 4-59). The roughness ground height (Z0) depends on the topography and site climatic conditions 

[24]. To calculate wind data for another location with similar wind but different roughness 

height, we use Equation ( 4-60). In this equation we use 60 m as the height which is not affected 

by roughness [24].  
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Where, Z01 is the roughness height at reference location; Z02 is the roughness height at new 

location [23]. 
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4.5.3.5. Heat Pump  

In this study, a ground source heat pump is also in charge of providing heating, cooling and hot 

water for the building. The maximal capacity of the compressor of the heat pump and its nominal 

coefficient of performance (COPmax) are used to estimate the maximum capacity of the heat 

pump, Equation (4-61) [1]: 

                    (4-61) 

Hourly heating or cooling rate of the heat pump is computed based on its electricity demand its 

hourly coefficient of performance (COP) [1]: 

  ( )      ( )     ( ) (4-62) 

where, COP is calculated based on interpolation method reported in [25]. It is modeled as a 

function based on entering water temperature, Equation (4-63) [25]. In this study,        is 

assumed to be 4.5 for cooling and 5.5 for heating purpose [26].  

   ( )        (                
 ) (4-63) 

Table 4-3: Quadratic polynomial correlation coefficients used in Equation (4-63) [25] 

Coefficients Heating Cooling 

   1.53 1 

   -2.29609×10
-2 

1.5597×10
-2

 

   6.8744×10
-5

 -1.5931×10
-4

 

where,      is the entering fluid temperature which is modeled as a function of ambient 

temperature, Equation (4-64). For a given temperature (   ) the temperature of water entering 

into the heat pump (   ) is easily calculated as [25]: 

   ( )          (
               

               
) (  ( )         ) (4-64) 
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where,         is summer design temperature, and          is heating design temperature. In 

vertical heat pump system, the maximum and minimum entering fluid temperature         and 

        are given by [25]: 

            (             ) (4-65) 

                (4-66) 

where,    stands for ground temperature which is approximated by the mean annual surface soil 

temperature [25]. In this study,     is approximated by mean annual surface soil temperature 

which is 4.7 
0
C.  

4.5.3.6. Biomass Boiler 

When the biomass boiler is in operation, the output heat rate of the boiler is given by [27]: 

   ( )    ( )        (4-67) 

where,    is biomass flow rate (kg/hr),     is the biomass boiler efficiency, and      is higher 

heating value of biomass (kj/kg).  

 

  Dynamic Multi Objective Particle Swarm Optimization Algorithm  4.6.

Firstly, Kennedy and Eberhart in 1995 proposed the particle swarm optimization algorithm 

whose idea is taken from social behavior of birds flocking [28].  It can be categorized as a meta-

heuristic optimization technique, which is very straightforward to implement and able to solve 

both discrete and nonlinear problems quickly [4]. In the PSO procedure, candidate solutions are 

named particles or swarms that are indicated by their position and velocity. The set of swarms fly 

over the feasible search space to find the optimal solution. During the search process, a particle 
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readjusts its position based on not only its own experience but also the experience of all swarm 

and look for a position that delivers better objective function.  In other words, over iterations, 

each particle adapts its flying direction and its velocity to pursue its best experience and the best 

global particle. The particle experience is defined as the best solution found so far for the 

individual particle while the best global particle or social leader is expressed as the best solution 

attained among all particles [28]. The success of the PSO algorithm in single objective 

optimization problems is a weighty reason to implement PSO in multi-objective problems, which 

is called Multi-Objective Particle Swarm Optimizers (MOPSO) [4]. The main idea of MOPSO is 

that the output of PSO is a set of solutions which are named non-dominated solutions or Pareto 

front (PF). In this study, dynamic multi-objective particle swarm optimization (DMOPSO) 

algorithm, which was developed in the previous work of the authors [18], has been applied to 

simultaneously minimize total NPC of the system, fuel emission and maximize RER. The 

engaging advantage of this method is generating a PF with higher quality than what is resulted 

by well-known MOP approaches. The main idea of the proposed algorithm is that multi-leaders 

and dynamic cell-based density calculation strategy is utilized to update the solutions. Two 

methods usually are performed to select leaders in guiding swarm flights: randomly selecting one 

of the best solutions or using multiple leaders [18]. In the cell-based density calculation strategy, 

the objective space is divided to hypercube and solutions are distributed over the resulted grid 

[29]. It allows using the density information to achieve diversity of the swarm [18]. For detail 

explanation of the algorithm, readers are referred to the previous work [18]. 
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 Performance Metric 4.7.

In order to evaluate the quality of the generated Pareto fronts by multi-objective algorithms, 

some performance metrics are proposed in the related studies to assess the quality of generated 

PFs. In this paper, the following three metrics are used: Spacing, Maximum spread, and 

Coverage. The main reason for selecting these metrics is that each one of them represents a 

certain aspect of PFs. Additionally; it is simple to calculate them since none of them requires 

having the true PF for the evaluation.  

Spacing (S):  It was proposed by Schott [4] and numerically measures the diversity of the 

obtained PF. It is evaluated by measuring relative distance between neighboring solutions on a 

PF, Equation (4-68) [18].  

  √
 

   
 ∑(    ̅) 

 

   

 (4-68) 

where, n represents the number of solutions in PF,    is distance between a solution and the 

solution i, and  ̅ is the average value of all   . S =0 means all solutions are spaced uniformly 

over PF. Therefore, it is more desirable to generate a PF with less S value [18]. 

Maximum Spread (MS): It was proposed by Zitzler et al. [4] which defines the maximum 

expansion covered by the approximated set [18]. It is calculated by using the following 

mathematical equation [18]: 

   √∑    (‖  
    

 ‖)

 

   

 (4-69) 
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The main idea of this metric is that for each non-dominated solution (  
 ) the maximum 

Euclidean distance between the solution and other non-dominated solutions (  
 ) should be 

identified.  

Coverage (C): It was recommended by Zitzler et al. [4] that is used to compare two PFs 

(        ) to determine which one is closer to the true PF, Equation (4-70) [18]. 

 (     )  
|      |             |

|  |
 (4-70) 

C = 1 means all solutions in    are dominated or equal to the solutions in     while the C = 0 

explains an opposite situation [4]. It is worth mentioning that both  (     ) and  (     ) 

should be evaluated since there is the possibility of intersection between two PFs. 

 

 Results 4.8.

The proposed method is applied to an apartment building located in Winnipeg, Canada. The total 

floor area of the building is 2940 m
2
, and its foot print is equal to 980 m

2
. The building has 12 

two-bedroom units and 31 one-bedroom units. There are 96 people living in the building. 

Currently, the energy need of the building is provided by natural gas, electricity, and gasoline. 

The heating load is met by a natural gas boiler, and the cooling load is fulfilled by air 

refrigerators. The electricity demand is met by bought electricity from the grid which is produced 

by hydroelectricity. The gasoline guarantees the required energy for transportation of building’s 

residents. Figure 4-5 shows the average monthly energy use of the building per type of energy 

carrier. Table 4-6 shows the energy consumption of the investigated building with regard to end-

use sections. The electricity and natural gas consumption is estimated based on the monthly 

energy bill of the building. The gasoline consumption is approximated according to average fuel 
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efficiency of light vehicle and average distance driven of light vehicles in Canada [30]. In this 

figure, all energy carriers are converted to MWh. It is clear that the largest part of energy 

consumption in the building is related to gasoline and NG used to provide space heating, hot 

water, and required energy for transportation.  

 

Figure 4-5: Monthly energy consumption of the building per type of energy carrier 

Table 4-4: Energy use of the building by the end-use sections 

End-Use MWh/year 

Space Heating 489.7157 

Water Heating 149.7721 

Electricity 137.14 

Space Cooling 14.8 

Transportation(Gasoline) 538.521 

The GHG production which is the result of the energy consumption of the building is summarized 

summarized in  

 

 

 

Table 4-5. The employed emission factors are taken from [31] and [32]. It has been assumed that 

the emission of biomass is negligible. GHG production during the manufacturing of the 

equipment and the shipping is not considered in this analysis. 
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Table 4-5: GHG production resulted by the building energy consumption [29, 30] 

 

Emission factor CO2 emission (ton/year) 

Grid-electricity 0.03 ton/MWh  4 

NG 56 kg/GJ 145 

Gasoline 2.29 kg/lit  128.1 

Monthly average direct normal, diffuse horizontal irradiance, wind speed at 10 m height, and 

temperature over one year for the location are plotted in Figure  4-5 to Figure  4-8. These data sets 

are obtained by the averaging of the measurement data over years 1990-1999 [33]. As a 

deterministic approach is applied in the optimization problem, the averages of hourly wind 

speed, solar radiation and temperature over 10 years have been entered to the simulation module. 

The cooling and heating requirement of the building are approximated by the means of the 

degree-hours concept. The method assumes that the energy needs for the building (heating and 

cooling) are proportional to the difference between the outside temperature and a base 

temperature [34]. In order to approximate the electricity demand, electricity bill data is used to 

estimate the daily power profile for the building.  

 

Figure 4-6: Monthly average wind speed for Winnipeg over one year 
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Figure 4-7: Monthly average irradiation for Winnipeg over one year 

 

Figure 4-8: Monthly average temperature for Winnipeg over one year 

The initial costs, operation and maintenance costs, and the characteristics of the components vary 

according to their size and used models. The economical parameters and the characteristics of 

components which are employed in the study are exhibited in Table 4-6. The replacement costs 

are assumed to be equal to the capital costs. The system life time is considered 25 years the same 

as PV panel life time that has the longest life time [18].  
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Table  4-6: Economical characteristics of the energy supply technologies [1], [35], [36], [37], [38] 

Technology Type Investment Cost[C$] O&M cost(C$/year) Efficiency 

PV Poly-crystalline 5162×PPV+2858 1% total investment 15% 

Solar collector Glazed flat-plate 812×PSC+2419 1% total investment 40% 

Wind turbine Horizontal axis 3300×PWT 1% total investment 45% 

Heat pump Ground source 1356×PHP+17368 1% total investment 5 

Heat storage 

tank 
Water based 512×PHST+1015 2% total investment 

-- 

Biomass boiler Water based 4288×( Pbb)
0.727

   2% total investment 80% 

The employed economic parameters including biomass price, transportation, collection, storage 

costs, electricity price, NG price, gasoline and water price as well as other parameters are listed 

in Table  4-7. 

Table  4-7: Economical parameters employed in the model 

Parameters Value 

Interest rate 7% 

Project life time 25yr 

Biomass price(Switch grass) 135 [C$/ton] 

Biomass transportation cost 1.9 [C$/ton.km] 

Biomass collection cost 19 [C$/ton] 

Biomass storage cost 35 [C$/ton] 

Land rental cost 25000 [C$/km
2
.yr] 

Electricity price 0.07 [C$/kWh] 

NG price 0.11 [C$/m
3
] 

Gasoline price 1.2 [C$/lit] 

Water price 1.12 [C$/m
3
] 

In this study, the cost for changing all cars to PEV is not included. It is assumed that PEV price 

is same as the current cars price. The electrical car efficiency is assumed 88% [39] while the 

efficiency of gasoline car is assumed 25% [40]. The fuel efficiency of PEV and average distance 

driven of light vehicles in Canada are employed to estimate the daily required electric for 

charging PEV [30].    

The resulted 3D Pareto front for the employed energy system of the building is plotted in 

Figure  4-9. It shows 42 non-dominated solutions with certain values of NPC, CO2 emission, and 

RER. Evidently, no single optimal solution can be made out since there are three objective 

functions. In Figure 4-10 to Figure 4-12, the 2D graphs of obtained solutions laying over PF is 
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depicted. These plots can help decision makers to select an appropriate solution based on their 

priorities. Four solutions are selected over the PF and the component sizes of these selected 

solutions are shown in Table 4-8. These results show that CO2 emission is reduced moderately 

(57%) by increasing RER to 66.9% where the NPC is also increased moderately (51%). When 

RER is set at 100%, in order to reduce CO2 emission by 2.4 ton/year, NPC at least must be 

increased to C$ 705180.  In this way, the produced CO2 emission by the building energy system 

can be reduced from 277.1 ton/year in the current system to less than 3 ton/year.    

  

Figure 4-9: The Pareto front of the three-objective sizing problem resulted by DMOPSO  
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Figure 4-10: The 2D Pareto front of the three-objective sizing problem (RER vs. NPC) 

 

Figure 4-11: The 2D Pareto front of the three-objective sizing problem (RER vs. CO2 emission) 

 

Figure 4-12: The 2D Pareto front of the three-objective sizing problem (CO2 emission vs. NPC)  
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By increasing RER from 28.5% (solution 1) to 66.9% (solution 2), CO2 emission is cut to 73.4 

ton/year. Over this trend, NPC is approximately increased by 51.2% compared to solution 1. This 

result shows approximately a linear relation between NPC and RER when RER is increased from 

66.9% to 100%.  As depicted in Figure  4-10 to Figure  4-12, there are 11 solutions with RER of 

100% that their difference is related to the amount of CO2 emission, LLP, and total NPC. As 

Table  4-8 is also shown, using PEV and wind turbine is two first choices for increasing RER, 

and the next option would be using a biomass boiler. In the solution 3, RER is obtained as 100% 

by installing a 73 kW wind turbine, 200kW biomass boiler, and using PEV. In the solution 4, 

RER is achieved as 100% the same as the solution 3 while its LLP (3.4%) is lower than the 

solution 3 and CO2 emission is reduced to 1 ton/year.  

Table 4-8: Component size of the selected solutions laying over the PF 

Generators/Objectives Solution 1 Solution 2 Solution 3 Solution 4 

PV panel [kW] 0 0 0 23 

Wind turbine [kW] 68 71 73 200 

Solar collector [kW] 0 0 0 0 

Heat pump [kW] 0 0 0 0 

Heat storage tank [m
3
] 4.3 4.3 4.3 4.3 

Biomass boiler [kW] 0 91 200 200 

PV panel in rural area [kW] 0 0 0 0 

        0 0 0 0 

        0 0.4 1 1 

        0 0 0 0 

       1 1 1 1 

        1 1 1 1 

        0 0 0 0 

LLP [%] 5.0 4.9 4.9 3.4 

NPC [C$] 383284 579654 705180 957433 

RER [%] 28.5 66.9 100 100 

CO2 emission [ton/year] 171.2 73.4 2.4 1 

The empirical studies are also implemented to analyze the performance of the proposed 

DMOPSO. It is compared to two of most well-known multi-objective optimization algorithms 

which are multi-objective genetic algorithm (MOGA)[41] and multi-objective particle swarm 
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optimization (MOPSO) [42]. All three algorithms are implemented in C++ programming 

environment, and then for statistical analysis purpose, each algorithm is run for 10 times. The 

results of coded algorithms are compared with each other based on some popular performance 

metrics explained in Section  4.7. The experimental results are presented in Figure 4-13, 

Figure 4-14, and Table 4-9 to clarify the performance of the employed algorithm. It is worth 

mentioning that normalized objective functions values are used to calculate the performance 

metrics.  

The spacing metrics of obtained Pareto fronts of three algorithms are shown in Figure  4-13. 

From the box plot of spacing metric, it can be observed that DMOPSO, MOGA, and MOPSO are 

able to provide competitive results in terms of this metric.    

 

Figure 4-13: The results of spacing metric for three employed algorithms  

The result of maximum spread metric for the employed algorithms is illustrated in Figure  4-14. It 

can be noticed that DMOPSO outperforms other two algorithms. This measure indicates that the 

generated Pareto front by DMOPSO algorithm covers a larger area compared to other 

algorithms. 
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Figure 4-14: The results of maximum spread metric for three employed algorithms  

As mentioned earlier, the true Pareto front of the problem is not known. Consequently, the 

coverage metric is used to identify which produced PF is closer to the true PF. The comparison 

results of the coverage metric for three employed algorithms are presented in Table  4-9. It 

indicates that most solutions laying over PF generated by MOGA are dominated by the solutions 

found by DMOPSO. For instance, 51% of solutions over PF resulted by MOGA are dominated 

by the produced PF of DMOPSO algorithm while 2.1% of solutions of DMOPSO Pareto front 

are dominated by solutions of MOGA. In addition, 14% of MOPSO solutions are worse than 

solutions found by DMOPSO. In summary, the MOPSO has no problem in converging to true 

Pareto front while it is difficult to cover a large area compared to DMOPSO. The obtained PF 

resulted by DMOPSO indicates the ability of this algorithm in dealing with the complex multi-

objective optimization problem. It can be concluded that the generated PF by DMOPSO is more 

uniform and covers a larger area than two other employed algorithms.  
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Table 4-9: The results of coverage metric for three employed algorithms  

SC(DMOPSO, MOGA) 51.2% 

SC(MOGA, DMOPSO) 2.1% 

SC(DMOPSO, MOPSO) 22% 

SC(MOPSO, DMOPSO) 14% 

SC(MOPSO, MOGA) 26.9% 

SC(MOGA, MOPSO) 1.9% 

 

4.8.1. General Discussion 

In this study, a time step of one hour is considered for the analysis, which includes variations of 

demand and resources. The time step of one hour is considered sufficient since it is assumed that 

the renewable energy resources do not change significantly over one single hour. In order to 

evaluate the performance of employed components in solution 3, the daily simulation results 

through a year can be observed in Figure 4-15 to Figure 4-18. Figure 4-15 shows the daily 

distribution of produced electricity by the wind turbine per kWh. From this graph, it is clear that 

there is appropriate potential of wind energy in the location which results in the capacity factor 

of 31.5% for the wind turbine. It should be noted that in Figure 4-15 to Figure 4-18 day 1 refers 

to the first day of the year which is January first.  
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Figure 4-15: Daily produced electricity by wind turbine over one year (solution 3)  

As seen from Figure  4-15, required electricity is first met by available wind energy at each time 

step. In case of electricity shortfall, the leftover electricity load is met by electricity that bought 

from the grid, Figure  4-16. Whenever renewable energy generated in electrical form is more than 

the electrical needs, the excess renewable energy is sold to the grid with price mentioned in 

Table  4-7. Figure  4-17 indicates the daily sold electricity to the grid, which is generated by the 

hybrid renewable energy system over one year.  

 

Figure 4-16: Daily electricity bought from the grid over one year (solution 3)  
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Figure 4-17: Daily electricity sold to the grid over one year (solution 3)  

Figure  4-18 represents daily biomass boiler production. The biomass boiler described in the 

configuration proposed by the solution 3 is utilized for heating and hot water purpose. The 

results justify using the biomass boiler during the year. 

  

Figure 4-18: Daily biomass boiler output over one year (solution 3) 

As it is seen, the boiler output is approximately constant during the summer since the daily hot 

water load is assumed constant through the year. It is easy to see the variation of the boiler 

output over the rest of year as the heating load is varied.   
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Table  4-10 shows the technical data related to the operation of the optimal system proposed in 

solution 3. Annual capacity factor for wind turbine and the biomass boiler are estimated as 

31.5% and 25.4%, respectively. Annually, 201.2 MWh of produced electricity by the wind 

turbine is sold to the grid which can be an income for the building. It worth mentioning that all 

produced electricity by the wind turbines is sold to the grid and the same amount in building 

place is purchased from the grid.     

Table 4-10: Technical details for the configuration described by the solution 3  

Wind turbine capacity factor [%] 31.5 

Biomass boiler capacity factor [%] 25.4 

Annual bought electricity from the grid [MWh] 279.7 

Annual sold electricity to the grid [MWh] 201.2 

4.8.2. Sensitivity Analysis 

In this study, a sensitivity analysis is performed to investigate how variations of economic 

parameters such as capital costs of PV panels, heat pump, wind turbine, and solar collectors can 

affect the values of the optimal solutions provided by the model. For this purpose, each 

parameter is changed by 50%, which are stated as upper limit and a lower limit for the 

parameters. It is worth mentioning that for the purpose of sensitivity analysis, only solutions with 

RER of 100% is considered to study how the investigated parameters affect their optimal cost. In 

our optimization problem, the optimal solutions for the origin problem (solutions with RER of 

100%) results in average NPC of C$958462, and CO2 emission of 1.6 ton/year. The 13 

parameters that we are interested to study the sensitivity of the result respect to their changes are 

indicated in Table  4-11. In this experiment, the number of replication is set at 5 that means the 

model is run 5 times for each scenario, then the average value of 5 replications is taken into 

account as the corresponding value. The standard deviation of 5 replications for the origin 



148 

 

problem is calculated as 4.3%. Figure  4-19 presents the sensitivity analysis results for the 

investigated input parameters. 

Table 4-11: Studied parameters of the sensitivity analysis 

Parameters Abbreviation Parameters Abbreviation 

Biomass Transportation 

Cost 
BioT Sold Electricity Price SoEP 

Biomass Collection Cost BioC PV Panel Capital Cost PVC 

Biomass Storage Cost BioSt Wind Turbine Capital Cost WTC 

Land Rental Cost LaC Solar Collector Capital Cost SCC 

Gasoline Price GaP Heat Pump Capital Cost HPC 

NG Price NGP Interest Rate IR 

Grid Electricity Price GEP   

  

Figure 4-19: Sensitivity analysis results for the optimal design of solutions with RER of 100% 

If the variation of NPC resulted by changing a parameters is less than the standard deviation, it 

can be concluded that the parameter does not have significant effect on NPC. Between the 

studied parameters, gasoline price, NG price, and heat pump capital cost do not have significant 

effect on total NPC of the system. The reason for this fact may be that the optimal configurations 

do not include solar collectors, heat pump, NG boiler, and gasoline cars. As it is obvious from 

the result, the wind turbine capital cost variation leads to +30% or -20% changes in total NPC of 

the system which means it has the highest effect on total NPC between studied parameters.  
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 Conclusion 4.9.

In this paper, a methodology has been proposed to optimize the sizing of a HRES for buildings 

using a simulation-based optimization approach. The model minimizes total net present cost and 

CO2 emission, while simultaneously maximizes renewable energy ratio. This method allows 

decision makers to perform a trade-off between these three objectives by generating a Pareto 

front. The actual solar irradiation, temperature, and wind speed data are used in the simulation 

module. The performance of the proposed approach is evaluated using three well-known 

performance metrics and by comparing its results against two reported multi-objective 

algorithms in the literature. The developed methodology is applied to an apartment building in 

Canada to use renewable energy resources in order to displace the total fossil fuel utilized by the 

building utilities. The considered HRES includes a heat pump, a biomass boiler, wind turbines, 

solar collectors, PV panels, heat storage tanks, and PEV. In this case study, a Pareto front 

consisting of 42 non-dominated solutions is generated. By considering the trade-off between the 

three objective measures, the decision makers can select the best configuration from the 

generated Pareto set. The case study results show that under the chosen conditions and employed 

parameters, a configuration including wind turbines and PEV can increase RER and reduces CO2 

emission. In addition, a configuration with a 73 kW wind turbine, a 200 kW biomass boiler, and 

using PEV instead of gasoline cars can increase the RER to 100%, which has total NPC of 

C$705180 and results in 2.4 ton/year CO2 emission. The sensitivity analysis helps to find that 

wind turbine capital cost has the most effect on total NPC of the optimal solutions.  

Finally, the proposed methodology provides an important tool and systematic approach for 

feasible study and multi-objective optimization of an HRES. Future developments of the present 

work will consider stochastic issues both in demand and resource predictions. Since the 
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availability of renewable energy sources alters during a year, the decision making process and 

finding the optimal configuration should involve the stochastic modeling of uncertain 

parameters. 
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Chapter 5 

 Stochastic Optimization of Hybrid Renewable Energy Systems Using 5.

Sampling Average Method 

 

 

 

 

 

 

 Abstract 5.1.

The stochastic attribute of renewable energy sources and the variability of load is a preeminent 

barrier to design hybrid renewable energy systems. In this paper, a new methodology is advanced 

to incorporate the uncertainties associated with RE resources and load in sizing an HRES in the 

application of near zero energy buildings. Dynamic multi-objective particle swarm optimization 

algorithm, simulation module, and sampling average technique are used to approximate a Pareto 

front (PF) for the HRES design through a multi-objective optimization framework. The main aim 

of the design is to simultaneously minimize total net present cost, maximize renewable energy 

ratio, and minimize fuel emission while satisfying a desirable level of loss of load probability. 

The existing randomness in wind speed, solar irradiation, ambient temperature, and energy load 

is considered using synthetically data generation and sampling average method. The performance 

of the model has been examined in a building located in Canada as the case study, in which RER 

of the building is increased by using renewable energy technologies. The generated PF by the 

stochastic approach is compared to those of a deterministic model using well-known 
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performance metrics. Finally, a sensitivity analysis is carried out where the economic 

characteristics of the model are varied. 

 

 Introduction  5.2.

Looking for a sustainable environment restricts the fossil fuels consumption and consequently 

encourages the usage of renewable energy sources [1]. In fact, RE sources are becoming popular 

as their negative environmental impact is not significant in contrast to the fossil fuels [2-5]. 

Renewable energy is titled as clean energy sources by which greenhouse gas emission can be 

reduced and secondary wastes are generated at minimum level. In the future, the renewable 

energy application is expected to increase since RE resources are local and environmental 

friendly. Furthermore, they can aid in cutting down the running of traditional fuels [1]. The 

application of hybrid renewable energy systems for remote area has attracted many attentions 

due to the rise in the price of fossil fuels and the resultant advances in renewable energy 

technologies. Generally, an HRES includes two or more renewable energy sources integrated 

together to improve both power reliability and system efficiency.  

The main challenge of the design of HRESs is the variability and availability of RE resources 

[6]. The performance of HRESs is fluctuating drastically over years since the renewable 

resources can be distinct in terms of average values and distribution over years. Taking into 

account the randomness associated with RE resources and load is critical since it has significant 

effect on the reliability and the overall performance of HRESs. The reason for this fact is that 

system operation and produced power are dependent on the stochastic nature of RE sources. It is 

not easy to make the reliability analysis of an HRES without considering its probabilistic nature 

due to inherent uncertainties in renewable resources. In other words, employing reliability as an 
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objective in the optimization of an HRES design cannot be executed deterministically [7]. In 

recent past, the advancement of probabilistic design methods has become more popular among 

the researchers due to the diagnosing of the drawback of deterministic methods in the design of  

HRESs [7]. The design of such energy suppliers involves the approximation of the capacities of 

the generators and storage devices to fulfil a given demand. Stochastic approaches of sizing 

HRESs cover the issue of the RE variability in the system design [8].  

A few researchers have carried out stochastic analysis of HRESs respecting to their performance 

and their design optimization. Table  5-1 summarizes the recent studies that applied stochastic 

analysis in HRESs design.  Dufo-López et al. [9] studied the impact of the uncertainty of wind 

data on the optimal design of wind-batteries stand-alone systems by using hybrid optimization of 

genetic algorithm (HOGA). They considered two types of input data including measured hourly 

data and synthetically generated hourly wind speed data over a year. They implied that the main 

advantage of their approach is to consider a certain number of consecutive days of “calmness” 

for generating the wind speed data. Handschin et al. [10] proposed a “scenario-wise” approach to 

develop an engineering tool to optimize a coordinated operation of distributed generation (DG) 

units incorporating the uncertainties associated with electric load, power prices, and infeed from 

renewable resources. Arun et al. [8] utilized chance constrained programming based on the 

design space approach for the optimum sizing of an off-grid PV-battery system under the 

uncertainty of solar insolation. In their study, the set of all possible design configurations was 

illustrated by drawing a sizing curve in which a desirable confidence level is used to integrate the 

possible combinations of the PV sizes with the equivalent minimum battery capacities. Ekren et 

al. in [1] and [11] optimized the size of a hybrid energy system including PV/wind and battery 

storage employing two simulation-based optimization methods. The probabilistic distribution 
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functions for solar radiation, wind speed and electricity consumption were fitted employing 

ARENA simulation software. Lastly, they applied response surface methodology (RSM) and the 

OptQuest tool in ARENA to optimize the total cost of the system. They extended their work in 

[12] to perform a Simulated Annealing (SA) algorithm for the optimal design of the HRES. They 

concluded that the SA algorithm gives better result than RSM approach. In [13], for the optimal 

design of a renewable power generation system, the uncertainties of weather data and the 

operating efficiency of the studied subsystems were addressed by using probability distribution 

function. The stochastic annealing optimization algorithm was used to minimize the economic 

objective. Khan et al. [14] represented the stochastic nature of wind speed and solar radiation 

level by using a sensitivity analysis approach. They performed a simulation study of a hybrid 

energy system for application in Canada. A renewable energy simulation software (HOMER) 

was used as a sizing tool to discuss the cost and the performance of renewable and non-

renewable energy sources. Kuznia et al. [15] presented a stochastic mixed integer programming 

model to identify the optimal combination and the size of a hybrid system consisting randomness 

in wind speed and electricity load. They created a Benders’ decomposition algorithm to obtain 

the optimal solution. Maheri [7] developed a multi-objective optimization method for design 

under uncertainties of a wind-PV-diesel configuration. The probabilistic analysis was used to 

quantify the system reliability since there are uncertainties in renewable resources and electricity 

demand. To tackle the uncertainties, only the uniform distribution function was fitted to all 

random parameters. Roy et al. [16] developed a chance constrained programming technique to 

design an off-grid wind-battery system incorporating uncertainty in wind speed. In their study, 

Monte-Carlo simulation approach validated the system reliability where the hourly wind speed 

was modeled as Weibull random variable, and the cost of energy was selected as design criteria 
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to evaluate the proposed system configuration. Subramanyan et al. [17] used MINSOOP, NLP 

optimizer, and sampling techniques to pass the Pareto set for the design of a solid oxide-proton 

exchange membrane fuel cell (SOFC-PEM) by means of a multi-objective optimization 

framework. The existing randomness in fuel cell current density was modeled to convert the 

approach to stochastic multi-objective optimization one. Wang [18] presented multi-criteria 

meta-heuristic method to design an HRES including a wind turbine and PV panels according to 

cost, reliability, and emission criteria. Adequacy evaluation was performed to consider system 

uncertainties based on the primarily defined scenarios.  

In summary, few articles used stochastic analysis for the design of HRESs. However, persisted 

researchs and development are still required to improve these systems sizing process. Most of the 

previous studies have only considered economic objectives at their design stage (see Table  5-1) 

while it is very important to size an HRES based on pollutant emission, reliability, and 

renewable energy ratio as well. In addition, they neglected simultaneously providing energy for 

heating, cooling, and appliances. Furthermore, mostly in the previous studies, the random 

parameters are generated using a simple distribution function.  

In this paper, a new stochastic multi-objective approach is developed to incorporate the existing 

uncertainties in RE resource and energy load when sizing a energy supply system. The proposed 

methodology is trying to simultaneously examine the economic, reliability and environmental 

issues for different renewable energy ratio. This study is the extension of the previous work of 

the authors [19] with difference in involving the stochastic evaluation instead of using a 

deterministic design approach. The contribution of the present work is that a comprehensive 

energy supply system is studied incorporating uncertainties in RE resources and energy load. 

Moreover, similar to the previous work [19], the transport load is considered rather than 
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electricity, heating, and cooling load.  Additionally, simple methods for synthetic generation of 

daily load profile and weather data has been applied to handle the existing uncertainties in the 

model.  

Mostly, in the probabilistic analysis of HRES design, an objective function cannot be evaluated 

exactly but rather approximation methods are required. In this study, the sampling average 

approximation is integrated with dynamic multi-objective particle swarm optimization algorithm 

to help in handling the complex optimization problem. The generated solutions by the 

implemented approach are evaluated by comparing them with the solutions obtained by 

deterministic analysis. Then, a sensitivity analysis is carried out to identify the economic 

parameters that have significant impact on the design objectives. Based on the best authors’ 

knowledge, it is the first time a MOP approach incorporating a comprehensive stochastic 

analysis is implemented for optimal design of a renewable energy supply system in the 

application of low energy buildings. In other words, it is the first time, the randomness in wind 

speed, solar radiation, ambient temperature, electricity load, heating and cooling load, hot water 

demand, and transportation load are simultaneously considered in the sizing of HRESs. 

Section  5.4 explains the problem description. Section  5.5 begins with the definition of considered 

objective functions in the proposed design methodology, and then elaborates on the sampling 

average approach and the synthetic generation of random parameters. Section  5.6 describes a 

summary of the employed DMOPSO algorithm. Section  5.7 details the design scenarios and the 

results of the case study that is delivered by using the proposed design methodology. 



161 

 

Table 5-1: The summary of recent published studies for stochastic optimization of HRESs 

Authors 

System components 

MOP 
Objective 

functions 
Stochastic parameters Optimization approach 
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Ekren et al. [1] ● ●     ●  NO NPC 
Wind speed, Solar radiation, 

Electricity load 

RSM/ Simulation based 

Opt Quest in ARENA 

Maheri [7] ● ●      ● YES LCE/ Reliability 

Wind speed, Solar radiation, 

Electricity load 

PV array efficiency 

GA  

Arun et al. [8]  ●     ●  NO Energy cost Solar insolation 
Design space/ Chance 

constrained programming 

Dufo-López et al. [9] ●      ●  NO NPC  Wind speed HOGA 

Handschin et al. [10] ● ●      ● NO Operation Cost 
Power prices, Power load, In 

feed from RE 
Scenario-wise MILP  

Garyfallos et al. [13]  ● ●     ● ● NO NPV 
Wind speed, Solar radiation, 

Efficiencies of EL and FC  
SA 

Khan et al. [14] ● ●     ● ● NO NPC 
Wind speed, Solar radiation, 

Diesel price, FC cost 

Sensitivity analysis 

HOMER 

Kuznia et al. [15] ●      ● ● NO NPC Wind speed/ Electricity load SMIP 

Roy et al. [16] ●      ●  NO COE Wind speed 

Chance constraint 

programming/ Graphical 

method 

Subramanyan et al. [17]        ● Yes 

CO2 emissions 

Capital cost 

Current density 

Overall efficiency 

Fuel cell current density 
MINSOOP/NLP/Sampling 

method 

Wang [18] ● ●     ● ● Yes 

NPC 

Reliability 

Emission 

Wind speed, Solar radiation,  

Electricity load 

Generating  scenarios/ 

MOPSO 
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 Nomenclature 5.3.
  

 (   ) 
Daily amplitude of 

temperatures [
0
C] 

       Wind turbine power output [kWh] 

     
Random number between 0 

and 1 
    

Emission factor for grid electricity [kg- 

CO2/kWh]  

        
Mean daily amplitude of 

temperature [
0
C] 

      
Emission factor for gasoline [kg 

CO2/lit] 

       
Maximum daily amplitude of 

temperature [
0
C] 

     Emission factor for NG [kg-CO2/m
3
] 

Am 
Monthly amplitude of wind 

speed [m/s] 
      

Annual electricity bought from the grid 

[kWh/year] 

       
Biomass collection cost 

[C$/ton] 
fcorrection_m Correction factor 

      Biomass storage cost [C$/ton]     Hourly gasoline consumption [kWh] 

      
Biomass transportation cost 

[C$/ton.km] 
Gasoline Annual gasoline consumption [lit/year] 

     
Correlated values for wind 

speed 
hmax,m 

The hour of maximum daily wind 

speed [hr] 

        
Sold electricity price 

[C$/kWh] 
      

Heating load provided by the biomass 

boiler [kWh] 

        
Bought electricity price 

[C$/kWh] 
     

Heating load provided by the heat 

pump [kWh] 

     Gasoline price [C$/litre]      
Heating energy generated by NG 

boiler [kWh] 

     
Capital cost of the component j 

[C$/unit] 
  ( ) Hourly heat pump output [kWh]  

    Natural gas price [C$/m
3
]    ( ) 

Level of hot water in storage tank in 

time step  t [kWh] 

       
Operation& maintenance cost 

of the component j [C$/unit] 
           

Hot water load provided by the 

biomass boiler [kWh] 

       
Replacement cost per unit for 

the component j [C$/unit] 
          

Hot water load provided by the heat 

pump [kWh]  

COE Cost of energy           
Hot water generated by NG boiler 

[kWh] 

CRF Capital recovery factor            
Hot water generated by solar collectors 

[kWh] 

DM Diversification metric          Total hot water sent to load [kWh] 

dm 
The number of days in a 

month 
Ho(day) 

Extraterrestrial solar radiation in a 

given day [kWh/m
2
]  

    Excess electricity [kWh] Ho(mont) 
Monthly averaged daily extraterrestrial 

solar radiation [kWh/m
2
] 

      
Annual sold electricity to the 

grid [kWh/year] 
  Interest rate [%] 

        
Bought electricity from the 

grid [kWh] 
Ih Hourly solar radiation [kWh/m

2
] 

    
Electricity consumption by air 

refrigerator [kWh] 
Imax,m 

Monthly average of maximum solar 

radiation for a day [kWh/m
2
] 

     
Electricity consumption by 

PEV [kWh] 
Imax(day) 

The maximum solar radiation for a day 

[kWh/m
2
]  



163 

 

    
Electricity consumption by 

heat pump [kWh] 
Imax(month) 

Maximum solar radiation in a month 

[kWh/m
2
]   

      
Sold electricity to the grid 

[kWh] 
K Single payment present worth  

    
Net power generated by PV 

panels [kWh] 
NPC Net present cost 

       PV panels power output [kWh] NPV Net present value 

        
Rural PV panels power output 

[kWh] 
       

Loss of load probability upper limit 

[%] 

    
Net power generated by wind 

turbine [kWh] 
    Loss of load probability [%] 

Load 
Total energy load over a year 

[kWh] 
PT Temperature periodic term [

0
C] 

      Biomass boiler capacity [kW]     Renewable energy ratio [%] 

    Heat pump capacity [kW] SC Set coverage metric 

      
Heat storage tank capacity 

[m
3
] 

SD Standard deviation  

    Solar collector capacity [kW]  M Spacing metric 

      Rural PV panel capacity [kW] ST Solar term of temperature [
0
C] 

    PV panel capacity [kW]  ( ) Hourly ambient temperature [
0
C] 

    Wind turbine capacity [kW]       Base term of temperature [
0
C] 

     (day) Daily base temperature [
0
C]      (   ) Mean daily temperature [

0
C] 

Tmin,m 
Monthly averaged minimum 

ambient temperature [
0
C] 

        
Transportation allocation coefficient of 

gasoline cars 

Tmax,m 

Monthly averaged maximum 

ambient temperature [
0
C] 

        
Transportation allocation coefficient of  

PEV 

Tmean,m 

Monthly averaged mean 

ambient temperature [
0
C] 

       
Cooling allocation coefficient of the 

air refrigerators 

Unmet 

load 

Unmet energy load over a year 

[kWh] 
       

Cooling allocation coefficient of the 

heat pump 

     Hourly wind speed [m/s]        
Heating and hot water allocation 

coefficient of the biomass boiler 

      
Average monthly wind speed 

[m/s] 
       

Heating and hot water allocation 

coefficient of the  heat pump 

wn,m 
Average monthly night wind 

speed [m/s] 
θh 

The scale factor of Weibull 

distribution 

Weibulld,h 
Random number following a 

Weibull distribution  
     

Average hourly solar radiation 

[kWh/m
2
] 

   Random number   
Random variable with normal 

distribution function 
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 Problem Description  5.4.

A hypothetical grid-connected hybrid renewable energy system including renewable and non-

renewable energy conversion technology is chosen as our case study. This HRES is used to 

increase the renewable energy ratio of a building located in Canada. As shown in Figure 5-1, this 

energy system may employ wind turbines, PV panels, solar thermal collectors, heat pumps, 

biomass boilers and heat storage tanks [19]. The employed renewable energy technologies are 

supposed to provide energy for electricity, heating, and cooling load. The employed backup 

systems such as grid and natural gas (NG) boiler help to supply the energy demand when the 

considered RE sources are not able to satisfy the required energy. In a city like Winnipeg, it is 

not legal to install a wind turbine in the city area. For this reason, it is assumed that wind turbines 

would be installed in the rural area of the city and its electricity can be easily sold to the grid. 

The rural area is supposed to be located in area that the electrical grid is established. Thus, there 

is no limitation to connect the employed wind turbine and PV panels to the grid and selling their 

produced electricity to the grid. In this study, as it is assumed that the employed system meets 

the technical requirements [20], it is possible to export electricity to the grid.  In Figure 5-1, two 

alternative locations for PV panel installation are designed; it can be installed either on the top of 

the building roof or in the rural area.  There are two options to meet required transportation of 

the building: using plug-in electric vehicle or gasoline cars. It is assumed that the energy required 

for PEV is met by electricity, if there is not enough electricity, the gasoline will be used to 

guarantee the load. Heat pumps or air refrigerators will cover the cooling load through summers.   

It is intended to find the optimal configuration and optimal size of the employed technologies 

such that simultaneously minimize the total net present cost of the system for entire life time of 
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the system, minimize annual CO2 emission, and maximize RER while satisfying a certain level 

of reliability.  

Solar Collector

PV Panels

Heat Pump

Load

Grid

HWT-load
Heat Storage Tank

HWsc-tank

DC/DC 
Rectifier

DC/AC 
Inverter

EPV
Ere-InEPV-Re

Ebought

HEHP

Eload

Electricity

Heating

Hot Water

Wind Turbine in rural 
area

EWT-Re AC/DC 
Rectifier

Ere-In DC/AC 
Inverter

EWT

HWHP-tank

Esold

ERW EEV

 Biomass boiler HEBio

NG boiler
(backup system) HENG

HWNG-tank

HWBio-tank

HE

Cooling
COHP

Air refrigerator
(backup system)

COAR

Gasoline
(backup system)

Gasoline

GAS

PV in rural area
EPVR-Re

Gas Car

∑ 

∑ ∑ 

PEV

 

Figure 5-1: Energy flow of the proposed hybrid renewable energy system [19] 

Moreover, there is uncertainty in weather data (wind speed, solar radiation, and ambient 

temperature) and energy load. These uncertainties have significant effect on the design space. 

The main aim of this study is to establish a methodology to deal with uncertainties existing in the 

design process of this type of energy supply systems. In other words, the developed approach 

returns best combination of employed technologies and their corresponding optimal size while 

considering randomness existing within input data. For this purpose, the design problem is 

formulated as a stochastic multi-objective optimization problem including three objective 

functions. In this regards, RE resources data, heating, cooling, and electricity load profile on an 
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hourly basis are generated by using the most common models (see Section  5.5.2). To specify 

employed technologies, their actual cost data is considered as well as their mathematical models 

and the technical limitations are stated. Based on these data, the three objective functions are 

optimized with respect to the energy balance equations as well as other technical constraints. In 

order to solve the complex optimization problem, a practical engineering method has been 

performed, which is based on hybridizing simulation with an optimization algorithm. Moreover, 

the sampling average approach for sizing and optimization of hybrid energy systems is employed 

to handle the challenges related to existing uncertainties. 

 

 Proposed Approach  5.5.

This study intends to provide an engineering tool based on a simulation-based optimization 

approach for the proposed design problem. For this purpose, a stochastic multi-objective 

optimization model is developed for the mentioned design problem. The capacity of the 

components and the allocation coefficients of the technology to meet heating, cooling, 

electricity, and transportation load are defined as decision variables. The below vectors contain 

the summary of decision variables of the model: 

 ⃗⃗                                         

  ⃗                                                   

Three objective functions are to minimize total NPC, maximize RER, and minimize CO2 

emission. These objectives are subjected to a desirable level of reliability and other technical 

constraints which introduce the physical concept of the problem. The subsequent section 

introduces the mathematical formulation of three objective functions. Readers are referred to the 
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previous work for more details of the optimization problem formulation and the constraints 

mathematical formulation [19]. 

In this study, investment cost of components, their operation and maintenance cost, as well as 

their replacement cost are marked as total NPC. Additionally, it composes of fuel cost, rental 

cost of the land, biomass collection, storage and transportation cost over the project life time, 

Equation ( 5-1) [19].   

    ∑     

 

       

 

   (   )
                                   

                  (        )          (            

      ) 
 

   (   )
 

( 5-1) 

One aim of this study is to inspect the possible approaches to increase the renewable resource 

utilization.  A simple way to quantify this is to calculate the renewable energy ratio. It 

demonstrates the corresponding shares of renewable and non-renewable sources of energy 

consumption. There is a simple definition for RER which can be used for the future energy 

planning of communities. The formula below, Equation ( 5-2), is applied for calculating RER. It 

is defined as the ratio of total used renewable energy and total used primary energy [19].  

    
                

              
 ( 5-2) 

The environmental criterion that is being considered in the optimization problem is to minimize 

pollution emission. In order to quantify the amount of produced pollutants, CO2 is assumed as the 

only pollution emission since it is the main cause of emission. The CO2 is emitted by gasoline 
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cars, natural gas boiler, and it is resulted from the electricity bought from the grid, Equation ( 5-3) 

[19].  

    (        )                         ( 5-3) 

The maximum level for loss of load probability is applied in a constraint that the designed 

system should satisfy its desired level, Equation ( 5-4). Loss of load probability is defined as the 

total unmet energy divided by total energy load, Equation ( 5-5) [19].  

               ( 5-4) 

     
          

    
      ( 5-5) 

5.5.1. Sampling Average Method  

In this study, sampling average method (SAM) is applied to tackle the existing randomness and 

consequently to approximate the objective functions. In order to acquire a model that is able to 

tackle the randomness, the most popular way is to optimize the expected value of an arbitrary 

function of the parameters, which is defined over an appropriate probability space. Suppose a  

multi-objective stochastic optimization problem as following [21]:  

             ( )   ( )            Subject to      ( 5-6) 

In which,    ( )  is estimated by  (  (   )), Where,   (     ), S defines the bound of 

decision space, and   reflects the randomness effect.  Let         as N random scenarios that 

are all independent, the sample average estimation of   ( ) can be calculated by [21]: 

 

 
∑   (    )

 

   

  (  (   )) ( 5-7) 
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The basic idea of SAM is to replace the expected value function with its corresponding 

approximation, Equation ( 5-7), and then find a solution for the derived deterministic model.  By 

a similar way, the expected value of functions in a multi-objective optimization problem can be 

replaced by their sample average approximations to compute an estimation of their solution. 

Thusly, the following deterministic multi-objective problem is resulted, Equation ( 5-8) [21]. 

    (
 

 
∑   (    ) 

 

   

   
 

 
∑   (    ) 

 

   

    )  ( 5-8) 

Typically, it is a complex task to exactly compute the expected value in the problem represented 

by Equation ( 5-6) that is why the approximation method is needed. In fact, Equation ( 5-8) is an 

approximation for the original problem of Equation ( 5-6). Hence, a solution algorithm produces 

a set of arbitrary and independent samples to estimate the expected value of the objective 

functions. Then, the complex stochastic problem is converted to a deterministic problem which 

can be solved by either exact algorithm, or alternatively by a (multi-objective) meta-heuristic to 

determine a PF for the given problem [21]. In this study, DMOPSO is used as the solution 

method [21]. 

 

5.5.2. Synthetic Generation of the Random Parameters   

5.5.2.1. Wind Speed  

In this study, the methodology that is proposed by Dufo-López et al. [22] is used to reproduce 

hourly wind speed data. The idea of the model is simple as described in Equation ( 5-9) in which 

the hourly wind speed data (    ) is calculated [22]. 

                        ( 5-9) 
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where,      is obtained by subtracting a fraction of the average monthly value (     ) from the 

value of     , Equation ( 5-10).  When a negative value is resulted by Equation ( 5-10), it must be 

set as zero. fcorrection_m is named correction factor and it is calculated by Equation ( 5-11). Its role 

is to check that monthly average of measured data is the same as the estimated wind speed data.   

                           ( 5-10) 

                          ∑     

     

 ( 5-11) 

where,     denotes the average of wind speed for an hour (h: 0 ≤ h ≤ 23) in the month m, which 

is computed by Equation ( 5-12); dm is the number of days in the month m;      stands for the 

hourly correlated values of each day, Equation ( 5-13) and Equation ( 5-14) [22].  

                (      (        )
 
  ( 5-12) 

where, Fm is a factor providing information about the relation between the time of day and wind 

speed; Am is the monthly amplitude; hmax,m is the hour that maximum speed in a day is occurred; 

and wn,m is the average monthly night speed [22]. 

If (d = 0& h=0):                 ( 5-13) 

Else:                (    )            ( 5-14) 

where, Weibulld,h is a random number which is generated by a Weibull distribution function with 

b form factor and the scale factor of θh, Equation ( 5-15) and Equation ( 5-16) [22].  

               
     (      )     ( 5-15) 

where,      indicates a random number in range of (0 -1). 
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        (  
 

 
⁄ ) ( 5-16) 

where, Γ(1+1/b) is the Gamma function. In order to control that, the monthly average of 

measured data is the same as desired values, the cumulative distribution function of both 

generated series and the Weibull distribution function are compared [22]. In this study, fc is 

assumed 0.9 and fsubtract is set at 0.8 [22].  

5.5.2.2. Solar Radiation  

With the collected data, a mathematical model is developed to generate random hourly solar 

radiation, Equation ( 5-17). The solar radiation is divided into two parts deterministic part and 

random part.  

         ( 5-17) 

where, Ih is the solar radiation of the model;      is the average of solar radiation for hour h,    is 

a random number that is approximated by a normal distribution function. The distribution 

function is resulted by fitting the function on hourly standard deviation of solar radiation.   

5.5.2.3. Ambient Temperature  

According to Krenzinger et al. [23], the ambient hourly temperature can be estimated by adding 

one random part ( ) to a periodic term (  ), a solar term (  ) and a base term      ; Equation 

( 5-18) shows their model [23]: 

 ( )       ( )    ( )    ( )  
 

 
 ( 5-18) 
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The following section describes the mathematical model for three mentioned terms. In order to 

define the base term of temperature, a linear interpolation is used as it is shown in Equation 

( 5-19). There is an experimental term for the purpose of adjusting the mean of final result [23].  

     ( )       (   )  (   ) 〈
     (     )       (   )

  
〉    

       (   )  

( 5-19) 

where,      (   ) is the mean daily temperature which is identified by Equation ( 5-20) [23].  

     (   )       (   )     ( 5-20) 

           (      ) ( 5-21) 

The daily base temperature      (   ) is defined by Equation ( 5-22);   (   ) is named daily 

amplitude of temperatures as seen in Equation ( 5-23). 

     (   )  
 

 
(       ) [  〈

  (   )

  (     )
〉] ( 5-22) 

where, Ho(day) is the extraterrestrial solar radiation in a given day and Ho(month) is the monthly 

averaged daily extraterrestrial solar radiation. Tmin,m, Tmax,m and Tmean,m, respectively give the 

monthly averaged minimum, maximum and mean ambient temperature [23]. 

 (   )  (    (   )        ) [
              

    (     )        
]            ( 5-23) 

Imax(day) is the value of maximum solar radiation for each day; Imax,m is the monthly average of 

maximum solar radiation for each day; Imax(month) is the maximum value of solar radiation in 

whole the month;         and        are mean and maximum daily amplitude, respectively,  

those are calculated by Equation ( 5-24) and Equation ( 5-25)[23]. 
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                      ( 5-24) 

              (      )  
 

 
 ( 5-25) 

where,   is a random variable uniformly distributed between –1 and +1.  The Equation ( 5-26) 

and Equation ( 5-27) are used to examine the periodic term according to the time of a day. The 

first equation is related to time before sunrise and the next one is assigned for time after tsr [23]. 

If   t< tsr     then          ( )  
 (   )

 
〈
 

 
    (

(    )

      

 

 
)〉 ( 5-26) 

Else        ( )  
 (   )

 
〈   (

(    )

      

 

 
)     (

(    )

      

 

 
)〉 ( 5-27) 

The solar term is then determined through a simple equation in which the maximum temperature 

Tmax(day), a recurrent term ( ) , and the time of the maximum solar radiation are the main terms, 

Equation ( 5-28) [23].  

  ( )  〈
    (   )        ( )    (  ) 

    (   )
  〉  (   ) ( 5-28) 

The maximum temperature in the day is evaluated through adding a half of daily amplitude to the 

mean daily temperature, as seen in Equation ( 5-29) [23]. 

    (   )       (   )  
    (   )

 
 ( 5-29) 

After generating hourly temperature for a day, a comparison between the resulted mean 

temperature and input data will be performed based on Equation ( 5-30) to updated the  , and 

then iteration is repeated for daily generation[23]. 
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If (     (   )  ∑
 ( )

  
)                  

     (   ) ∑
 ( )

  

    (   )
 ( 5-30) 

5.5.2.4. Load  

In the feasibility study of renewable energy systems, it is required to develop a simple method to 

identify an energy load profile. A cluster analysis approach that is proposed in [24] has been 

applied for the purpose of generating electric and hot water load profile. For a representative 

building, the daily information of appliances such as their utilization, energy consumption, 

ownership, and occupied duration is used to produce daily load profile [24].  

As the load profile is directly related to the occupation pattern of the buildings, it can be a 

promising task to identify the building clusters [24]. In this study, five most common scenarios 

of building occupancy pattern are considered since there is a lack of information [24]. In 

Table 5-2, these five scenarios are represented [24].  

Table 5-2: Occupancy scenarios for a typical house containing 3 persons [24] 

Scenarios Occupied period 

1 0-9:00 & 13:00-23 

2 0-9:00 & 18:00-23 

3 0-9:00 & 16:00-23 

4 0-24 

5 0-13:00 & 18:00-23 

To evaluate the daily energy and hot water load profile, firstly, an average daily consumption of 

each appliance is determined based on monthly energy bill and the annul Canadian appliance 

energy consumption [25]. Figure 5-2 represents the schematic of load profile generation process. 

For a specific scenario, a random load profile for appliances is generated according to a random 

number generator technique. By adding the random load profile of all appliances, the load profile 

of a specified scenario is produced which named “Specific Profile” since it is resulted from a 

certain occupation scenario [24]. The daily load profile of a specific scenario can change over 
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different days. The random generation is repeated 20 times to return an approximately smooth 

load curve for a given day [24]. A specific load profile cannot reflect the general load profile for 

the building since it represents only one certain scenario of occupancy pattern. Hence, five 

specific profiles resulted by five scenarios are aggregated to produce a typical load profile for the 

electricity, hot water, and required energy for transportation of the building.  

A1Appliance
 . . . .

Average daily 

consumption
E1

A2

E2 En
 . . . .

Random number 

generator

Random profile 

Random profile 

specified scenario

P1 P2 Pn

A2

∑Pi

PS1 PS2 PS3 PS4 PS5

∑PSi

PT

 . . . .

 

Figure 5-2: Framework of generating the electricity or hot water load profile 
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In Figure 5-2, Ai is appliances name; Ei is the average daily energy consumption of the 

appliances; P1, P2, ..., Pn describe random profiles those are generated for the  appliances; PSi is 

related to the specific profile corresponding to a particulate occupancy scenario; PT is a typical 

load profile [24] . It is worth mentioning that the heating and cooling load is approximated by 

degree hour [19] while other types of energy demand are estimated by using the mentioned 

methodology.  

 Solution Approach  5.6.

In order to solve the mentioned stochastic multi-objective optimization problem, a simulation-

based optimization approach is used to generate a Pareto front. This approach is trying to apply 

simultaneously the advantage of simulation and optimization methods. In complicated systems, it 

is difficult to handle the model uncertainties and non-linearity with a stand-alone optimization 

method since it requires the precise mathematical model of the system. In these cases, the 

simulation can be considered as a powerful assessment engine to precisely contain all details of 

the system and involve existing uncertainties [26].  However, simulation suffers from the fact 

that it is inherently unable to return the optimal solution of the problem. Thus, the integration of 

these two methods can be an efficient solution approach when the optimization problem is 

complex due to either existing uncertainties or non-linear terms.  

In this study, the simulation module accommodates the mathematical models for the components 

of the employed system (see Figure 5-1). The main role of the simulation module is to check the 

feasibility of each candidate solution proposed by the optimization algorithm. The utilized 

optimization algorithm is developed based on the Particle Swarm Optimization (PSO) approach. 

Recently, PSO is implemented for multi-objective optimization problems since it was performed 

successfully in single objective problems [27].  This type of algorithms is named Multi-Objective 
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Particle Swarm Optimization [27]. In MOPSO a set of solutions named non-dominated solutions 

or Pareto front is derived instead of a single solution resulted by PSO.  In this study, MOPSO is 

extended to dynamic multi-objective particle swarm optimization algorithm which was 

developed in the previous work of the authors [27]. By using DMOPSO a promising 

improvement in the quality of garneted PF is obtained compared with well-known MOP 

approaches. The difference between the employed algorithm and MOPSO is that multi-leaders 

and dynamic cell-based density calculation strategy is utilized in the performed algorithm to 

update the solutions [27]. For detail explanation of the algorithm, readers are referred to the 

previous work [27]. 

 

 Results & Discussion 5.7.

In order to evaluate the proposed methodology, a case study is selected which is located in 

Winnipeg, Canada. The case study is an apartment that contains 12 two-bedroom units and 31 

one-bedroom units, and its total floor area and foot print is approximated by 2940 m
2 

and 980 m
2
, 

respectively. The current energy consumption of the building includes natural gas, grid-

electricity, and gasoline. In other words, a natural gas boiler is in charge of supplying heating 

load and hot water demand while the cooling load is met by air refrigerators. The building 

residences use gasoline to provide energy of their cars. In addition, the required electricity for 

appliance is satisfied by hydroelectricity which is bought from the grid. The primary RER of the 

building is estimated as 10% and the total GHG production is calculated as 277.1 (ton/year) [19]. 

The average monthly energy use of the building is represented in Figure 5-3 per type of energy 

carriers.  
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Figure 5-3: Monthly energy consumption of the building per type of energy carriers [14] 

The daily average hourly wind speed at 10 m height, direct normal irradiance, and ambient 

temperature over one year for the location are plotted in Figure 5-4 to Figure 5-6. These figures 

include stochastic data which is generated by the mentioned models in Section  5.5.2 while the 

deterministic one is obtained by averaging the measurement data over 15 years (1990-2004) [28]. 

In Figure 5-4 to Figure 5-10, the data represented and labeled as stochastic are the result of 

stochastic model over one sample year. It is worth mentioning that in these graphs, the day 0 

represents the first day of January.  
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Figure 5-4: Daily average of hourly wind speed for Winnipeg 

 

Figure 5-5: Daily average of hourly normal irradiation for Winnipeg 

 

Figure 5-6: Daily average of hourly ambient temperature for Winnipeg 
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Similarly, Figure 5-7 to Figure 5-10 depict the required energy for different purposes (heating, 

cooling, HWD, electricity, and transportation) used in the stochastic model. In order to estimate 

the cooling and heating load, the concept of the degree-day is utilized in which it is assumed that 

the energy requirement for heating and cooling are directly depend upon  the difference between  

base and outside temperature. In the deterministic model, the hourly input data over one year is 

entered to the model and stay constant over simulation run while the data in stochastic model is 

varying over years through the simulation run.  

 

Figure 5-7: Daily average of electricity load of the building 
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Figure 5-8: Daily average of hourly heating load of the building for space heating and hot water 

purpose 

 

Figure 5-9: Daily average of hourly cooling load of the building 
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Figure 5-10: Daily average of hourly required energy for the transportation of the building 

In this study, the economic parameters and characteristics of components such as the initial cost, 

operation and maintenance cost are considered the same as what has been exhibited in the 

previous work [19]. The employed HRES is implemented on hourly basis in the simulation 

which is coded by using C++ programming environment and executed in a 2.40 GHz Core 2 

processor with 4GB of RAM. 

The Pareto fronts evolved using the proposed DMOPSO for the stochastic and deterministic 

design approaches are shown in Figure 5-11 to Figure 5-13, which show an illustration of the 

trade-off solutions. These figures show the comparison between stochastic and deterministic PFs. 

Besides, the descriptive non-dominated solutions evolved in the stochastic and deterministic 

cases are listed in Table 5-3. These solutions are tagged with numbers in Figure 5-11 to 

Figure 5-13. In Figure 5-11, RER is outlined on the vertical axis and the curves show different 

value of NPC needed to obtain a design with corresponding RER value. Similarly in Figure 5-12, 

the curves illustrate the total net present cost required to gain the corresponding value of CO2 

0.1

5.1

10.1

15.1

20.1

25.1

0 50 100 150 200 250 300 350

T
ra

n
sp

o
rt

at
io

n
 R

eq
u

ir
ed

 E
n

er
g
y
 (

k
W

h
) 

Day 



183 

 

emission. It is evident that the total NPC has shifted to higher level in the stochastic case when it 

is compared to the deterministic design surface.  In addition, Figure 5-13 describes the trade-off 

solutions between RER and CO2 emission. When the uncertainties are incorporated, this analysis 

helps us to reach up to 90% increasing in RER and with up to 99.3% less CO2 emission than the 

base case. The high RER and low emission region involve high total net present cost.  There are 

some low NPC points but these involve low RER and high emission. As seen over stochastic 

curves in Figure 5-11 to Figure 5-13, that is relatively a costly option to increase RER from 

29.9% to 63% since that  requires 31% more NPC than the design configuration represented by 

the solution 1. Furthermore, by moving from solution 1 toward solution 2, the CO2 emission is 

reduced moderately which is less than 52% or 84.2 (ton/year). Between solution 2 and 3, the 

NPC would change moderately (less than 20%) while the value of RER is increased by 37%. 

Note that the most likely region of RER for the stochastic surface is between 29%-80% while for 

the deterministic PF solutions are distributed uniformly in range of 27%-100%. This can be 

associated with the non-linearity of the model as well as it justifies considering uncertainty 

analysis. In the stochastic case, it is clear from the depicted PFs that the RER can reach to 100% 

through different solutions. That is, there are some options for RER of 100%, in which the NPC 

and CO2 emission is varied. Over these solutions CO2 emission is reduced slightly from 3.2 

ton/year to 2.6 ton/year while total NPC is increased more than 18%.  Hence, between solutions 

with the same RER of 100%, it is more reasonable that a solution with less NPC (solution 3) 

would be selected since there is no remarkable difference between their CO2 emissions. 

In this type of portrayal, decision makers can conveniently distinguish the minimum NPC, CO2 

emission, or maximum possible RER that can be achieved by this graph. That is, based on 

decision maker’s desire a convenient solution can be selected from a set of non-dominated 
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solutions. By retracting one step, the value of decision variables can be found where we need to 

install those capacities to obtain these kinds of performances.  

 

Figure 5-11: The 2D Pareto front of the deterministic and stochastic design approaches; RER vs. 

NPC 

 

Figure 5-12: The 2D Pareto front of the deterministic and stochastic design approaches; CO2 

emission vs. NPC 
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Figure 5-13: The 2D Pareto front of the deterministic and stochastic design approaches; RER vs. 

CO2 emission 

The Pareto front attained as the result of deterministic optimization scheme is also presented in 

Figure 5-11 to Figure 5-13. As shown, there is no significant difference in PFs shape while there 

is moderate difference in level between the deterministic and stochastic PF surfaces. The 

maximum, minimum, average of performance criteria for non-dominated solutions laying over 

the  stochastic and deterministic PF surfaces are summarized in Table 5-4.  
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Table 5-3: Example solutions laying over the generated PF in the stochastic and deterministic cases 

Generators/Objectives 
Stochastic  Deterministic 

Solution 1 Solution 2 Solution 3  Solution 4 Solution 5 Solution 6 

PV [kW] 0 0 0  0 0 0 

Wind turbine [kW] 94 105 116  68 71 73 

Solar collector [kW] 25 0 0  0 0 0 

Heat pump [kW] 0 0 0  0 0 0 

Heat storage tank [m
3
] 4.3 4.3 4.3  4.3 4.3 4.3 

Biomass boiler [kW] 0 95 200  0 91 200 

PV-rural area [kW] 0 0 0  0 0 0 

       0 0 0  0 0 0 

       0 0.3 1  0 0.4 1 

       0 0 0  0 0 0 

       1 1 1  1 1 1 

        0.94 1 1  1 1 1 

        0.06 0 0  0 0 0 

LLP [%] 4.8 4.8 4.8  5 4.9 4.9 

NPC [C$] 480265 630741 763062  383284 579654 705180 

RER [%] 30 63 100  28.5 67 100 

CO2 emission [ton/yr] 175.1 84.2 3.2  171.2 73.4 2.4 

There is a slightly difference (less than 9%) between the average total NPC of two cases. 

Additionally, the range for RER and CO2 emission that stochastic PF is able to enclose is 

competitive to the deterministic case.  The total NPC in stochastic design shows a higher shift as 

the deterministic design is based on the average values of historical data while stochastic design 

evaluates more realistic situation.  In this regards, the decision variables are distinctive for two 

cases as shown in Table 5-3. For instance, in the maximum RER case, the installed capacity of 

the biomass boiler in the deterministic approach is less than the stochastic one. In the minimum 

RER designs, the stochastic solution (see solution 1 in Table 5-3) use wind turbine, SC, and PEV 

while deterministic one only employs wind turbine and PEV. Correspondingly, this reduces total 

NPC more in deterministic case than stochastic case which changes the non-dominated solutions 

surface.  
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Table 5-4: The bound of different objectives obtained by the stochastic and deterministic 

optimization approaches 

 
Minimum Average  Maximum 

 Stochastic Deterministic Stochastic Deterministic Stochastic Deterministic 

RER (%) 29.9 28.5 56.2 63 100 100 

Emission(ton/yr) 1.6 1.1 106.5 87.3 175 171.2 

NPC(1000C$) 480.2 383.3 646.3 595 903.4 957 

Furthermore, the quality analysis of generated Pareto fronts in the stochastic and deterministic 

cases is performed using the well-known performance metrics. For this purpose, three metrics 

are employed which are named spacing metric, diversification metric, and set coverage metric 

[27]. The spacing metric is used to measure the distribution of individuals over PF while 

diversification metric determines the maximum extension that can be covered by non-dominated 

solutions [27]. The set coverage metric is applied to compare two given PFs and identify the 

closet PF to the optimal PF [27]. The readers are referred to the previous work of this study [27] 

for more details about the PF performance metrics definition and their mathematical calculation. 

Table 5-5 shows the comparison between the deterministic and stochastic PFs by using three 

performance metrics, obtained PF size, and running time of the algorithms.  

Table 5-5: The performance metric values of the stochastic and deterministic approaches 

Performance metric Stochastic Deterministic 

Spacing 0.14 0.09 

Diversification 4.24 4.96 

PF size 20 42 

CPU time (Second/iteration) 308 28 

SC (Stochastic, Deterministic) 0% 

SC (Deterministic, Stochastic) 55% 

It seems that inclusion of uncertainties has decreased the range of objective function almost for 

RER and CO2 emission, thereby providing less flexibility to designer. This fact can be clearly 

inferred from the diversification metric result since this metric has slightly better outcome in the 

deterministic case. The spacing metric of the stochastic case is greater than the deterministic 
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case. It means the solutions over the deterministic PF are distributed more uniform. The set 

coverage metric clearly shows the dominance of the deterministic PF over the stochastic one. It 

represents that 55% of solutions placed over the stochastic PF are dominated by the solutions 

resulted by the deterministic PF. Here, the set coverage metric is used to show that some of 

solutions of the PF generated by the stochastic model are shifted to higher NPC, less RER, and 

higher CO2 emission. It is not relatively reasonable to compare these two obtained PFs based on 

the set coverage metric as the input data is notable different in the stochastic and deterministic 

cases. The PF size of the deterministic case is almost two times of the stochastic PF size. The 

CPU time needed to solve the stochastic problem is increased significantly (more than 11 times) 

compared with the deterministic case. It can be concluded that the performance of DMOPSO in 

the deterministic optimization problem is prominent than the stochastic case. It means when the 

system randomness is incorporated, the efficiency and effectiveness of DMOPSO in the 

developed multi-objective optimization problem is reduced. Nevertheless, stochastic analysis 

result is preferred over the deterministic one since it examines a significant range of possible 

future outcomes and consequently its results are more realistic. In other words, the stochastic 

optimization helps decision makers to choose a solution that is evaluated in a condition closer to 

the real life situation than what is predefined in the deterministic design.  

Finally, sensitivity analysis is implemented to assess the impact of changing the values of 

parameters on the derived PF. In order to carry out the analysis, 13 parameters are considered, 

and then upper and lower limits for the parameters are examined to study their effect on the 

resulted PF. The studied parameters are summarized in Table 5-6.    
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Table 5-6: Studied parameters in the sensitivity analysis 

Parameters Abbreviation Parameters Abbreviation 

Biomass Transportation Cost BioT Sold Electricity Price SoEP 

Biomass Collection Cost BioC Wind Turbine Capital Cost WTC 

Biomass Storage Cost BioSt Solar Collector Capital Cost SCC 

Land Rental Cost LaC Heat Pump Capital Cost HPC 

Gasoline Price GaP PV Panel Capital Cost PVC 

NG Price NGP Interest Rate IR 

Grid Electricity Price GEP   

The parameters are set in their upper and lower limits to illustrate the change in the average of 

NPC of the solutions with RER of 100%, Figure 5-14. The average of total NPC and CO2 

emission of the solutions with RER of 100%, which are laying over the original stochastic PF 

(see Figure 5-11 to Figure 5-13) are estimated as C$824039 and 2.61 (ton/year), respectively. 

Figure 5-14 shows the changes in total NPC where the studied constants are fixed at their upper 

or lower limits. For example, the interest rate is reduced by 50%, then the changes in the average 

of total NPC of solutions with the highest RER are monitored which are 12.9% higher than the 

value of the base case. 

 

Figure 5-14: Sensitivity analysis result; NPC variation versus the parameters variation 
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In order to perform the sensitivity analysis, DMOPSO is run 5 times to identify the standard 

deviation of the average of objectives. It observes that the standard deviation of the average of 

NPC is set at 16.2%. In the inferring of the sensitivity analysis result, if the difference between 

the averages of NPC of a scenario and its original values would be less than its standard 

deviation that can be neglected. As it is obvious from the result, wind turbine capital cost and 

electricity price have more effect on total NPC than others. It is clear from Figure 5-14 that 

changing the solar collector and PV panels capital cost resulted in a small variation of NPC as 

there is small contribution for them in the obtained non-dominated solutions. 

 

 Conclusion 5.8.

In this study, simulation-based optimization approach is proposed to solve optimal sizing of 

HRES taking into considerations the uncertainties existing in RE resources and energy demand. 

A dynamic multi-objective particle swarm optimization algorithm, simulation module, and 

sampling average technique are used to derive out a set of non-dominated solutions for an HRES 

applied to buildings where multiple energy sources are used. 

The proposed method applies synthetic data generation to provide data series for wind speed, 

solar irradiance, ambient temperature, and energy load. The sampling average technique 

integrated with the simulation module is in charge of handing the complexity resulted by 

incorporating uncertainties.  In the developed multi-objective optimization problem, three design 

criteria are considered including total net present cost of the system, renewable energy ratio, and 

CO2 emission where a desirable level of loss of load probability should be satisfied. A set of 

renewable energy technologies is assessed in order to increase RER of a residential apartment 

located in Canada. The employed renewable energy technologies contain PV panels, wind 
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turbines, heat pumps, biomass boilers, and PEV cars. In order to evaluate the performance of the 

proposed approach, the obtained Pareto front is compared with the deterministic PF through 

well-known performance metrics. The result shows that RER can be increased by 100% in both 

cases while a higher NPC is observed in the stochastic case. In addition, the employed 

performance metric outcomes show that the quality of the generated PF in the deterministic case 

is better than the stochastic one. However, stochastic analysis result is more desirable since it 

examines a significant range of possible future outcomes and consequently its results are more 

informative and realistic. The sensitivity analysis is performed to identify the economic 

parameters that have more significant effect on the design criteria. Its finding describes that the 

wind turbine capital cost and electricity price have the most impact on total NPC.   

For future research directions of the present work, hybridization methods based on local search 

techniques can be used to increase the efficiency and effectiveness of DMOPSO algorithm in the 

application of the stochastic multi-objective optimization problem. DMOPSO can be modified to 

find a PF in a more reasonable time since the incorporation of uncertainties increases the 

complexity of the problem. 
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Chapter 6 

 Conclusions & Future Research 6.

 

 

 

 

 

 

 

In this chapter, the summary of the developed models and their findings are presented. Besides, 

the contributions of the thesis are highlighted and some future research directions are suggested.  

 

 Research Summary  6.1.

In the last decades, many attempts have been reported on the optimal sizing of an HRES by 

applying optimization or simulation approaches. The single objective framework is the chief 

methodology that was executed by the previous studies. They mostly considered an economic 

criterion as the evaluation metric of their design. Nevertheless, it can be very prominent to 

address more objectives such as emission effect and reliability analysis in the design process of 

these energy supply systems. Particularly, literature review shows that there are not many 

reported studies that simultaneously provide environmental, reliability, and economic analysis 

for an HRES design. Currently, the applied multi-objective approach is predominantly based on 

Pareto-based techniques in which well-known MOP algorithms are used without modifications. 

Besides, most of the researchers did not observe the quality of generated Pareto fronts whereas it 



196 

 

is a substantial point to quantitatively evaluate the approximated set that is resulted by a multi-

objective optimization algorithm. In addition, most of the reported optimization methods in the 

literature are applied to design a building energy supply system with RER of 100%. They did not 

find the best comprising points between system RER, emission, reliability, and cost. Besides, it 

seems that stochastic analysis of HRES is not adequately considered in the design procedure. 

Finally, usually available tools provide required energy for only one sector especially for 

appliance or heating application. It can be inferred that there is a lack in the literature to consider 

simultaneously all demand sectors such as appliance, heating, cooling, hot water, and 

transportation. Therefore, it can be concluded that persisted research and development are still 

needed in terms of the optimal design of HRESs.  

This thesis has considered a number of existing gaps in the literature and proposed novel 

approaches to fill the gaps. Generally, the main idea of this thesis is to propose an optimal sizing 

tool to reasonably take the advantages of RE resources. The application of developed 

optimization tool can be in a successful feasibility study of HRESs to aid decision makers in the 

performance analysis of this kind of energy supply systems. In this case, for a given location, the 

hourly meteorological data, fluctuating energy demand, and the local economic characteristic of 

RE components are initialized into the model in order to identify the best compromising size and 

the type of components.  

The employed tool adopts simulation-based optimization approaches to obtain the most 

affirmative combination of the examined RE ingredients. The main benefit of employing 

simulation is to accurately accommodate all details and uncertainties of the systems. In the 

meantime, optimization algorithms are used to deliver the optimal design of the systems.   
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In this thesis, several conflicting objectives including total net present cost, loss of load 

probability, total fuel emission, and renewable energy ratio are defined as evaluations metric 

rather than the components mathematical models. It means this study aims to highlight the multi-

objective optimization of sizing an HRES incorporating quality of produced PF and addressing 

existing uncertainties in RE resources and energy load. Different multi-objective optimization 

methods based on meta-heuristic algorithms are performed into an off-grid and grid-connected 

case studies. In more specific manner, the summary of the accomplished research and its 

contributions are summarized as follows:  

  In Chapter 2, an innovative optimization methodology based on ε-constraint method is 

proposed in order to design hybrid renewable energy systems. The application of the 

advanced model can be stated as the feasibility study of an HRES. The presented 

approach uses a simulation-based particle swarm optimization method to concurrently 

search for the minimum of loss of load probability, CO2 emission, and total net present 

cost of the system. The proposed approach is remarkably straightforward to implement 

and consequently it is computational efficient. The developed model is assessed through 

undertaking a case study including a wind turbine, PV panels, a diesel generator, a fuel 

cell, an electrolyzer, batteries, and a hydrogen tank. To evaluate the application of the 

developed model, the obtained results are compared to the previous methods reported in 

the related literature. It has been shown a lower shift in the total NPC while fuel emission 

and LLP are remained at same levels. At the end, a sensitivity analysis is carried out to 

explore the change in the obtained results by altering the input economic parameters and 

desired level for CO2 and LLP. The sensitivity analysis outcomes indicates that varying 
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the desirable limit of CO2 emission changes the total NPC of the system more than other 

variables.  

 The proposed model in Chapter 2 is extended to present a dynamic multi-objective PSO 

method aimed in sizing hybrid renewable energy systems. In a simple way, it is expected 

that the developed optimization tool defines the type and size of the examined RE 

equipment. Similar to the presented model in Chapter 2, three main criteria of design are 

considered which are named loss of load probability, CO2 emission, and total NPC of the 

system. The proposed approach takes the advantage of obtaining a PF with higher quality 

over other proven methods in the related literature. The developed method is evaluated 

using a case study containing a wind turbine, PV panels, a diesel generator, a fuel cell, an 

electrolyzer, batteries, and a hydrogen tank. For the employed case study, the results 

imply that the wind generator is preferred over PV panels, and there is small contribution 

of hydrogen storage.  It means, in most solutions, the electrolyzer/hydrogen tank/fuel cell 

is not selected as the storage device. Three prominent metrics are utilized to measure the 

quality of the resulted PF. Then, the obtained results by DMOPSO are evaluated through 

comparison with other reported MOP algorithms. The accomplished results indicate 

improvement in the average spacing metric than resulted PF by the previous works. The 

value of diversification index is less than the value of MOPSO and greater than others. 

The set coverage metric proves that solutions laying over DMOPSO Pareto front 

dominate most of solutions of MOPSO. It can be concluded that DMOPSO results in 

better solutions where it can comparatively generate a larger range and more uniform PF 

than other reported algorithms. Lastly, sensitivity analysis has been carried out to predict 

the outcome of the model, if the input parameters differ from what is previously 
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forecasted. Its result reveals that total NPC is nearly decreased 18.8% by decreasing the 

PV panel capital cost while change of -50% in the wind turbine capital cost leads to 3.7% 

variation of total NPC. Besides, there is not observation over sensitivity analysis proving 

the significant impact of altering investigated parameters on LLP and CO2 emission.  

  The developed DMOPSO algorithm has been applied for sizing the energy supply 

system of a building located in Canada. Similarly, the model minimizes total NPC and 

CO2 emission, while simultaneously maximizes renewable energy ratio. The main 

contribution of the work is to use renewable energy ratio rather than CO2 emissions and 

total NPC as optimization objectives in support of a more sustainable approach for 

designing building energy systems. The model’ aim is to increase the RER of the 

inspected building through the substitution of fossil fuels with renewable energy 

resources. In order to evaluate the performance of candidate solutions through the 

optimization model, the long-term measured hourly meteorological data including hourly 

solar irradiation, temperature, and wind speed are entered into the simulation module. 

The performance of the simulation-based optimization approach is judged against two 

popular multi-objective algorithms using three performance metrics. An HRES 

containing heat pumps, biomass boilers, wind turbines, solar collectors, PV panels, and 

heat storage tanks is examined to provide heating, cooling, hot water and power demand 

of the building. In addition, the application of plug-in electric vehicles is examined 

instead of common gasoline cars to reduce the gasoline consumption. For the case study, 

a PF consisting of 42 non-dominated solutions is resulted by which the decision makers 

can do a trade-off between three objectives and choose the most desired configuration. 

The reported results present that under defined circumstances and employed parameters, 
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a configuration consists of a 73 kW wind turbine, a 200 kW biomass boiler, and utilizing 

PEV can increases RER to 100%. This alternative expands total NPC to C$705180 and 

reduces CO2 emission to 2.4 ton/year. The performance analysis of the components 

shows a capacity factor of 31.5% and 25.4% for wind turbine and the boiler, respectively. 

Finally, a sensitivity analysis exhibits this fact that capital cost of wind turbine has the 

most remarkable effect on total NPC compared to other studied parameters.  

 In the interest of handling existing randomness in RE resources and energy demand, a 

simulation-based optimization approach has been demonstrated in Chapter 5. The 

integration of the evaluated DMOPSO, simulation module, and sampling average 

technique helps to uncomplicatedly attain the PF for sizing a building energy supply 

system where multiple energy sources are testified. The synthetic data generation models 

are applied to yield data series of wind speed, solar irradiance, ambient temperature, and 

energy load. The total net present cost of the system, renewable energy ratio, and CO2 

emission are supposed as evaluation criteria where loss of load probability is used as a 

chief constraint with a predefined desirable level. The proposed methodology is evaluated 

in a case study that is employed in Chapter 4 as well. The complexity raised from 

incorporating uncertainties is adequately managed within the process of attaching 

sampling average techniques to the simulation module. Three performance metrics are 

used to evaluate the quality of the obtained PF against to the deterministic PF. Although, 

the result establishes that RER can be increased to 100% in both cases, total NPC of 

solutions over the stochastic PF is slightly shifted to higher level. Whereas the result 

proves better quality for the deterministic PF, the stochastic analysis is preferred as it 

assesses a larger range of possible future outcomes and consequently its results are more 
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realistic. Finally, to identify the impact of economic input parameters on the design 

criteria, a sensitivity analysis has been executed. Its result evidences that total NPC is 

varied more significantly when wind turbine capital cost and electricity price are 

changed.  

 

 Recommendations for Future Research  6.2.

There are still many open-ended questions related to optimal design of HRESs, which requires 

further research. Several possible research directions from this study are discussed below:  

 It can be interesting as future research to extend the developed optimization models by 

including more factual constraints of different energy resources. For instance, an 

improvement in the accuracy of the developed mathematical models can be resulted if the 

constraints related to synthetizing wind turbine into electricity network are considered. In 

other words, it can be more accurate and practical to take into account the security 

constraint since the connection of renewable technologies into electric grids may create a 

set of problems associated with the security of the system. It is worth mentioning that 

security is a system attribute representing the ability of the system to tolerate sudden 

disruptions such as unexpected loss of system elements.  

 When the system size is increased and uncertainties are incorporated, the time that 

simulation-based DMOPSO algorithm requires to solve the problem is expanded 

exponentially. Therefore, it may conclude that the efficiency of the algorithm is less when 

the complexity of the problem becomes high. As a future work, a hybrid optimization 

algorithms based on meta-heuristic techniques can be used to return an acceptable and 

faster solution. This technique can be constructed by merging the developed DMOPSO 
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algorithm with local search methods. The main idea is that after few generations, the 

evolved solutions by DMOPSO are entered to the local search as starting points. 

Additionally, parallel processing techniques can also be coupled with DMOPSO in order 

to help in finding more accurate results within reasonable time.   

 Further research can be continued to study the feasibility of using other renewable energy 

resources such as hydro-power. Moreover, it is presumed that the affair of HRESs design 

is not purely related to technical and economic issues. There are other aspects that can be 

taken into account, which may contain social factors such as the acceptance of the RE 

technologies by communities; Therefore, the proposed approach can be modified to 

embody more objectives and constraints such as social criteria, power quality, stability, 

security, reliability/failure analysis. For instance, the developed model can involve the 

probability of failure of employed components in simulation to conduct a failure analysis 

for HRESs.  

 In this study, the developed models do not deal with the optimization of auxiliary 

equipment such as inverter, convertor, or charge regulator while in optimal design of 

HRESs, auxiliaries may have enormous importance. It can be a great idea to expand the 

employed approach to include the capacity optimization of auxiliaries as well.  

 Dispatch strategy for providing energy at various time steps can have a noticeable impact 

on the efficiency or operation cost. In this study, only one dispatch strategy is predefined 

by the user while the model can be extended to examine different operating scenarios and 

consequently mark the optimal one with respect to the optimization goals. 
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 Future research may include using more realistic and practical data since some data of the 

sample test case that are used to evaluate the proposed algorithms are hypothetical.  This 

is one reason why the model may not come up with realistic results. Thus, it would be 

more realistic if the developed methodology is examined based on more practical data. 

More accurate predicted data for hourly load can be considered since employed load data 

is still relatively imprecise. One of the main reasons is related to the lack of historical 

data for energy load. In addition, the load forecasting and fuel cost data need to 

incorporate their variation over years as the simulation has been run for long time (20-25 

years).  
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Appendix 

 

 

 

 

 

 

A.1. Tuning Algorithm Parameters 

In the appendix section, first, the parameters tuning of the Particle Swarm Optimization 

algorithm is studied using design of experiment (DOE) techniques. In other words, the properties 

of PSO algorithm has been analyzed from the viewpoint of an optimization practitioner, in the 

context of a real world optimization problem, namely the optimal design of a hybrid renewable 

energy system what is developed in Chapter 2.  

Fine–tuning of PSO parameters is an important task. The role of the inertia weight, the 

relationship between the cognitive and the social parameters and the determination of the swarm 

size are important to ensure convergence of the PSO algorithm.  In our PSO algorithm, there are 

mainly 4 parameters to be determined: the population size (P), the inertia weight (ω), the 

cognitive coefficient (C1), and the social coefficient (C2). The method used for the parameter 

setting of PSO is a 3
4
 full factorial design. In the experiment, the value of each parameter has 

been assigned three levels: low level, medium level, and high level. The low level is denoted as 

−1 whereas the medium and high levels are denoted as 0 and 1, respectively. It is preferred to 

adopt three levels design of each parameter to save computational efforts, and also test more 

combination than two levels design. If each parameter has four levels, then 4
4
 = 256 parameter 
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combinations have to be considered, while the case of three levels only needs 81 combinations. 

Table A-1 presents the interval for each parameter which are proposed by the related literature. 

In addition, Table A-2 demonstrates the best value of PSO parameters that is suggested in the 

literature regarding their studied problems.  Here, according proposed intervals (Table A-1) and 

suggested value by the literatures (Table A-2); the studied interval of parameters is considered as 

listed in Table A-3.   

Table A-1: Proposed interval for general PSO algorithm Swagatam et al. [1] 

  [20 60] 

  [0.5 1] 

   [0 4] 

   [0 4] 

 

Table A-2: Proposed optimal value for PSO parameters 

  Bartez et al.  [2] AlRashidi et al. [3] Swagatam et al. [1] 

  50 25 60 

  0.25 0.7 0.7 

   0.25 1.2 2.04 

   0.25 2.5 2.04 

 

Table A-3: Studied interval for the PSO algorithm 

 Low Level (-1) Medium Level (0) High Level (+1) 

  20 40 60 

  0.25 0.6 1 

   0.25 1.2 2 

   0.25 1.75 3 

Furthermore, the PSO algorithm is run 20 times. That is, the number of replication is set as 20. 

Two responses are used which are named as total net present cost (NPC) and the running time of 

the algorithm that is named CPU time. It means the goal is to investigate the main effect of four 

mentioned factors on the employed responses.  
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A.1.1. Experimental Result  

As mentioned above, two experiments have been run since two responses are considered. In the 

first experiment the response is total NPC, and in the other experiment the response is the CPU 

time. In this study, analysis of variance (ANOVA) is employed to analyze the data of performed 

experiments.  By using MINITAB, ANOVA results for two experiments are given in Table A-4 

and Table A-5.  It is found from that parameters P, ω, C1, C2 and the following interactions 

ω*C2, C1*C2, and ω*C1*C2 have significant effects on total NPC which is obtained by the 

algorithm as their P-values are less than considered α (5%). 

Table A-4: Analysis of variance (ANOVA) result for NPC 

Source 
Degree of 

freedom 

Sequential Sums 

of Squares 

Adjusted Sums 

of Squares 

Adjusted Mean 

Square Value 
F-Value P-Value 

P 2 1.67104E+11 1.67104E+11 83552246132 56.63 0.0 

 2 4.32638E+11 4.32638E+11 2.16319E+11 146.61 0.0 

C1 2 84697954643 84697954643 42348977321 28.7 0.0 

C2 2 1.47008E+11 1.47008E+11 73503837989 49.82 0.0 

P* 4 3465554734 3465554734 866388684 0.59 0.672 

P*C1 4 4391557199 4391557199 1097889300 0.74 0.562 

P*C2 4 12352564092 12352564092 3088141023 2.09 0.079 

*C1 4 4059556847 4059556847 1014889212 0.69 0.6 

*C2 4 20354659810 20354659810 5088664952 3.45 0.008 

C1*C2 4 15834803282 15834803282 3958700820 2.68 0.03 

P**C1 8 11475964467 11475964467 1434495558 0.97 0.456 

P**C2 8 12685290928 12685290928 1585661366 1.07 0.378 

P*C1*C2 8 7196698298 7196698298 899587287 0.61 0.770 

*C1*C2 8 41000957064 41000957064 5125119633 3.47 0.001 

P**C1*C2 16 378087694446 37808769446 2363048090 1.60 0.061 

Error 1539 2.27078E+12 2.27078E+12 1475490458   

Total 1619 3.27285E+12     

Moreover, the ANOVA result for CPU time is depicted in Table A-5. It is found that parameters 

P, ω, C1, C2 and their interactions ω*C1, and P*ω*C2 have significant effects on the running 

time of the algorithm because their P-values are less than 5%. It can be found that the effect of 

the P is so much higher than others since the F-value for P is 7409. Therefore, it can be predicted 

that the main effect of P will be more significant than ω, C1, and C2.  
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Table A-5: Analysis of variance (ANOVA) result for CPU time 

Source 
Degree of 

freedom 

Sequential Sums 

of Squares 

Adjusted Sums 

of Squares 

Adjusted Mean 

Square Value 
F-Value P-Value 

P 2 8763344 8763344 4381672 7409.41 0.0 

 2 32345 32345 16172 27.35 0.0 

C1 2 11586 11586 5793 9.80 0.0 

C2 2 13459 13459 6730 11.38 0.0 

P* 4 1492 1492 373 0.63 0.641 

P*C1 4 294 294 74 0.12 0.974 

P*C2 4 5602 5602 1401 2.37 0.051 

*C1 4 11817 1817 2954 5.00 0.001 

*C2 4 4952 4952 1238 2.09 0.079 

C1*C2 4 3241 3241 810 1.37 0.242 

P**C1 8 7725 7725 966 1.63 0.111 

P**C2 8 13948 13948 1743 2.95 0.003 

P*C1*C2 8 2699 2699 337 0.57 0.803 

*C1*C2 8 3257 3257 407 0.69 0.702 

P**C1*C2 16 7101 7101 444 0.75 0.743 

Error 1539 910112 910112 591   

Total 1619 9792974     

The residual plots for cost and CPU time are shown in Figure A-1 and Figure A-2. The models 

will be adequate if the residuals plot have a normal distribution.  

 

Figure A-1: Normal probability plot of the residuals for NPC 
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Figure A-2: Normal probability plot of the residuals for CPU time 

According to residual plots for NPC and CPU time, by examining the normality plot, the general 

impression is that the error distribution is approximately normal. Therefore, the model is 

adequate and there is no evidence that the assumptions are violated. 

To further determine the appropriate value of each parameter, the main effect of parameters and 

their interactions with significant effects are depicted in Figure A-3 and Figure A-4. The plots 

represent total NPC and CPU time value when parameters take the employed low level, medium, 

or high level.  
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Figure A-3: The interaction plot for total NPC 

 

Figure A-4: The interaction plot for CPU time 

From the Figure A-3, it can be found that the high level of parameters P and ω are preferred for 

obtaining better NPC even if the interactions are taken into account.  Lower NPC is attained at 

medium level of C2, regardless of P, ω, and C1. When C2 takes the medium level, C1 can take 

medium level or low level according to the interactions of C1*C2. The main effect plot which is 
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shown in Figure A-5 indicates the low level of C1 helps to obtain slightly better NPC. It is worth 

mentioning, the best value of parameters are identified based on NPC interaction plot since the 

main response is considered as NPC.   

According to interaction plot for CPU time (Figure A-4), lowest CPU time is attained at low 

level of P, C1, and ω. In addition, lowest time is attained at medium level of C2; hence, the 

lowest CPU time is result by using P=20,   =0.25, C1=0.25, C2=1.75. In Figure A-4, it seems 

that only P has significant effect on the CPU time, but the other parameter also has effect as 

depicted in the ANOVA result table of this experiment, Table A-5. In Figure A-4, the effect 

of  , C1, and C2 are not clear since the effect of P is so much greater than the others, and the 

scale of the figure is adjusted to show that. In summary, the lowest NPC is resulted by setting the 

parameters as presented in Table A-6. 

 

Figure A-5: Main effect plot for total NPC 
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Table A-6: Best values for the parameters to obtain the least NPC 

Parameter value 

P 60 

  1 

   0.25 

   1.75 

By comparing the identified values for the parameters with those are proposed in the literatures, 

it is found that the value for P is the same as one proposed by Swagatam et al. in [1]. The 

proposed value for    is 1 while in [1] and [3] is suggested as 0.7. The value for C1 is the same as 

one proposed by Bartez et al. [2]. Finally, the proposed values for C2 is different from those are 

proposed in the literatures [1-3]. Hence, in the next step, a combination is selected by using the 

literatures results and nearest value to the obtained results. That is,       and C2=2.04 the 

same as the literature result and P=60 and C1=0.25. It means the P and C1 are fixed at 60 and 

0.25, respectively, then   the effect of   and C2 is studied in a 2
2
 factorial design. There are two 

factors with two levels. The result of this experiment is shown in Table A-7 and Figure A-6.  

Table A-7: ANOVA result for NPC versus ω and C2 

Source 
Degree of 

freedom 

Sequential Sums 

of Squares 

Adjusted Sums 

of Squares 

Adjusted Mean 

Square Value 
F-Value P-Value 

 1 20182846 20182846 20182846 0.64 0.469 

C2 1 5029492 5029492 5029492 0.16 0.710 

*C2 1 5131655 5131655 5131655 0.16 0.708 

Error 4 126552682 126552682 31638171   

Total 7 156896674     
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Figure A-6:TheinteractionplotforNPCversusωandC2 

The interaction plot indicates that the low level of C2 is better than its high level; also minimum 

NPC is attained at high level of ω. Therefore, for this problem the parameters should be set at P 

= 60, ω = 1, C1 = 0.25, and C2 =1.75. 

The parameters are set at the best combination which is recognized from the experiment, and 

then the algorithm is run 20 times. The average of minimum cost obtained by this combination is 

compared with the average NPC of other combinations. Its result shows approximately 31% 

improvement for achieved averaged NPC.   

 

A.2. Supporting Calculations 

In this section, the calculation and assumption that are applied in Chapters 4 and 5 are 

demonstrated.  

A.2.1. Formula for Estimating Heating and Cooling Load 

In this study, the degree-days method estimates the energy requirement for cooling and heating 

purpose [4]. Instead of using day as the time step, the degree-days concept is applied in hourly 

basis. The idea of the method is that the required energy for heating/cooling of a building is 
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related to the difference between a base and the outdoor temperature. The base temperature is 

defined as the temperature that the heating/cooling is required when the outdoor temperature is 

higher or lower than that [4]. According to degree-day concept, the hourly energy consumption 

for heating/cooling purpose, Qhr (Wh) can be approximated as [4]; 

    
    

 
    (A-1) 

where,      is the total heat transfer coefficient which is related to the envelope of buildings 

(W/
o
C),   is the efficiency of the heating/cooling components and Dhr states the value of degree-

hour for heating or cooling. The heating degree-hour for heating goal (HDhr) can be calculated 

by using Equation (A-2) [4]. 

     (     )  (A-2) 

where, Tm is the hourly outside temperature and Tb represents the base temperature. Similar to the 

calculation of HDh, cooling degree-hour (CDhr) is calculated as following [4]: 

    (     )
  (A-3) 

In the previous studies, it is common to assume the base temperature as 18
o
C and 22

o
C in heating 

and cooling degree-hour calculations, respectively [4].  

        (A-4) 

where, U is the overall heat transfer coefficient of the building envelope (W/m
2 o

C), A is the net 

area of walls, door, roof, ceiling, floor, and windows (m
2
).  

A.2.2. Formula for Estimating Monthly Gasoline Consumption 

              

        

   
 (A-5) 
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where,      is number of car in the building,       is fuel efficiency (litres per 100 kilometres) 

of light vehicles,    is average distance driven of light vehicles in Canada. In this study, the 

     = 10.6 and          (  ), and      is 33 [5]. 

A.2.3. Assumption and Parameters Values Used in Chapters 4 and 5 

Table A-8: Key parameters values used in the calculation of the case study described in Chapters 4 

and 5 

Number of car in the building 33 

Air conditioner EER 8 

Gasoline density (kg/m
3
) 737 

Gasoline HHV(MJ/kg) 47 

Natural gas HHV (MJ/kg) 52 

Total floor area (m
2
) 2940 

NG-Boiler efficiency 60% 

 

Table A-9: Thermal Characteristic of the building described in Chapters 4 and 5 

Roof (W/m
2
K) 0.38 

Wall(W/m
2
K) 0.77 

floor(W/m
2
K) 0.54 

Windows(W/m
2
K) 2.18 

 

Table A-10: Total heat transfer coefficient of the building (UA) described in Chapters 4 and 5 

Roof(W/K) 372.4 

Floor(W/K) 529.2 

Wall(W/K) 813.12 

Windows and door(W/K) 497.04 

Total(W/K) 2211.76 

  

 

 

 

 



215 

 

A.3. References 

[1]   Swagatam D, Ajith A, Amit K. Particle swarm optimization and differential evolution 

algorithms: Technical Analysis, Applications and Hybridization Perspectives. Studies in 

Computational Intelligence (SCI) 2008; 116:1–38 

[2]   Bartez B, De-Vegt  M, Parsopoulous K E. Designing particle swarm optimization with 

regression trees. Technical Report, Reihe CI 173/04, University of Dortmund; 2004. 

[3]    AlRashidi M R, AlHajri MF. Optimal planning of multiple distributed generation sources in 

distribution networks: A new approach. Energy Conversion and Management 2011; 52: 

3301–3308. 

[4]   Orhan B, Hüsamettin B, Tuncay Y. Analysis of variable-base heating and cooling degree-

days for Turkey. Applied Energy 2001; 69: 269–283. 

[5]   Statistics Canada. Human activity and the environment : annual statistics. Ottawa; 2009. 

Available from: http://www.statcan.gc.ca/pub/16-201-x/16-201-x2009000-eng.htm. 

[6]   ASHRAE handbook: heating, ventilating, and air-conditioning systems and equipment. 

Inch-pound edition, American Society of Heating, Refrigerating and Air-Conditioning 

Engineers; 2012. 

 

http://www.statcan.gc.ca/pub/16-201-x/16-201-x2009000-eng.htm

