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Abstract: To help stakeholders plan, research, and develop Hybrid Renewable Energy Systems
(HRES), the elaboration of numerous modelling techniques and software simulation tools has been
reported. The thorough analysis of these undoubtedly complex systems is strongly correlated with the
efficient utilisation of the potential of renewable energy and the meticulous development of pertinent
designs. In this context, various optimisation constraints/targets have also been utilised. This specific
work initially carries out a thorough review of the modelling techniques and simulation software
developed in an attempt to define a commonly accepted categorisation methodology for the various
existing HRES simulation methods. Moreover, the widely utilised optimisation targets are analysed
in detail. Finally, it identifies the sensitivity of two commercial software tools (HOMER Pro and
iHOGA) by examining nine case studies based on different wind and solar potential combinations.
The results obtained by the two commercial tools are compared with the ESA Microgrid Simulator, a
software developed by the Soft Energy Applications and Environmental Protection Laboratory of the
Mechanical Engineering Department of the University of West Attica. The evaluation of the results,
based on the diversification of the renewable energy potential used as input, has led to an in-depth
assessment of the deviances detected in the software tools selected.

Keywords: HRES modelling; hybrid energy systems; standalone; simulation; RES; optimisation
indicators; HOMER Pro software; iHOGA software; ESA software

1. Introduction

The imminent depletion of fossil fuel reserves and the continuous increase in en-
ergy demand have urged the need for renewable energy sources, such as wind and solar
energy, to fulfil the electricity needs in urban or remote areas [1]. Indisputably, the ubiq-
uitous, environmentally friendly and inexhaustible features of renewable energy sources
are counterbalanced by their intermittent/stochastic nature. Moreover, the possible mis-
match between the profiles of the energy generation and the load demand prerequisites
the integration of energy storage technologies into the energy systems configurations in
order to attain the best possible exploitation of renewable energy potential prevailing in a
specific region [2,3]. Albeit the significant scientific leaps noted in the development of the
aforementioned technologies in the previous years, they are still considered remarkably
capital intensive, enhancing the requirement for extensive and continuous research in that
field in order to attain economies of scale [4].

Hybrid Renewable Energy Systems (HRES) are considered one of the most promising
and trustworthy alternatives to the main electricity grid for the electrification of remote
consumers, as they contribute to mitigating climate change and minimising the use of fossil
fuels [5]. HRES’ main assets in comparison to single energy source-based systems are [4,6]:

• High reliability;
• Minimisation of energy storage capacity requirement, especially if the hybrid energy

system is comprised of RES with a complementary character as solar and wind
energy are;
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• Better efficiency;
• Modularity;
• LCOE (Levelised Cost Of Electricity) minimisation (as a consequence of an optimum

design strategy).

A defectively designed and unorganised development of HRES projects can lead to
an elevated implied investment cost. Thus, numerous modelling techniques, as well as
simulation software, have been deployed to serve as assets to HRES stakeholders’ research,
planning, and development scopes [7]. HRES simulation in fact includes solving numerical
formulas that outline the mathematical models for the function of the pertinent HRES
components. In this way, the system behaviour can be enlightened and the project decision-
making process supported [8]. It is worth noting that the simulation methods generate
non-identical combinations of renewable energy systems according to the input parameters
selected/imported by the user (e.g., meteorological data, size parameters range, etc.) [9,10].
The non-identical combinations proposed by the various simulation methods are basically
ascribed to their intrinsic diversified dispatch strategy [11].

The HRES performance optimisation shall be based on a reliable technique, given the
system’s components characteristics, the area terrain, and the meteorological data. Figure 1
depicts an overview of the parameters that consist a pertinent HRES optimisation process.
Despite being considered a complex task, efficient understanding, analysis, design, and
planning of a HRES project necessitates to conduct an extensive theoretical prefeasibility
analysis and explore in detail the validity of its results through specialised simulation
software and pertinent scenarios adopted as case studies [4,9]. Thus, the thorough HRES
analysis is strongly correlated with the efficient utilisation of RES potential and the projects’
meticulous design [12]. In this context, a well-designed and optimal sizing process can be
considered as the “holy grail” for the HRES optimised functionality [13].
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Figure 1. Overview of HRES optimisation process [6].

An “ideal” simulation method capable of integrating all aspects of the penetration
of renewable energy into hybrid energy systems does not exist [14–16]. The complexity
of a perfect HRES modelling process implies a great simulation burden. Thus, to create
a satisfactory model one must balance both accuracy and complexity [6]. The maturity
of optimisation models with a general resonance in the scientific community has not yet
reached the desired level, representing a path in need of further clarification and research.
Various tools have been developed in this context. Multi-criteria decision analysis based on
the results of a great number of simulation techniques is the most widely adopted among
them, serving best engineering practices and future optimisation scopes [17].

Most scientific studies concerning HRES (consisting principally of solar and wind
power) are mainly evaluated with economic factors and on a second level with power
reliability indicators (Figure 2). Thus, the last ones, along with environmental indicators
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(especially when conventional electricity-generating resources are included in the HRES),
shall be further analysed.
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Figure 2. Allocation of assessment parameters adopted for appraisal of standalone HRES (with solar
and wind power being its main ingredients) since 2012 (adapted from [10]).

The vast majority of scientific papers issued utilise two commercial software to con-
duct the relevant simulations, namely HOMER (Hybrid Optimisation of Multiple Energy
Resources) and iHOGA (improved Hybrid Optimisation by Genetic Algorithms), which
are developed by NREL (National Renewable Energy Laboratory) and the University of
Zaragoza, respectively [18,19]. In this respect, the specific work identifies the sensitivity of
these commercial software by examining nine case studies under the prism of covering the
electricity needs of a remote domestic consumer, based on different combinations of solar
and wind potential. The results are collated with the ESA Microgrid Simulator, developed
by the Soft Energy Applications and Environmental Protection Laboratory (SEALAB) of
the Mechanical Engineering Department of the University of West Attica in the framework
of a relevant innovation project [20]. The ESA examines different hybrid energy systems
configurations, aiming at their optimisation with multi-criteria analysis. Additionally,
ESA has the ability to implement DSM (Demand Side Management) techniques and the
capability of handling the presence of electric vehicles inside the various energy systems’
configurations, aiming at optimum exploitation of RES generation. A detailed assessment
of the discrepancies between the selected software tools has been obtained by the evalua-
tion of the results, depending on the diversification of the renewable energy potential used
as input.

2. Optimisation Techniques Review

Concerning the HRES optimal sizing, Subramanian et al. classified the energy systems
modelling techniques in two categories based on the criteria of the modelling approach
and the application field [8]. Following another approach, Ghofrani and Hosseini [21]
classified the main optimisation algorithms into three categories: the classical algorithms,
the metaheuristic algorithms and the hybrid combination of the aforementioned categories.
In their turn, Tina et al. [22] and also Khatod et al. [23] classified the energy systems’
modelling techniques in analytical and simulation or MCS (Monte Carlo Simulations)
methods. The last category was comprised of three modelling subapproaches based on the
input variables management methodology. These were the straightforward time series, the
probabilistic methods and the average daily (or even monthly) values of energy balance.
According to another approach adopted [6,16,24], the various optimisation techniques
considered can be classified into two principal categories: the conventional optimisation
techniques and the new generation optimisation approach techniques.

The modelling techniques presented in the specific work are classified into three cate-
gories (Table 1) according to the structure followed by most scientists in the HRES “industry”.
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Table 1. Overview of modelling techniques.

Conventional Optimisation Techniques New generation Optimisation Techniques Hybrid Techniques

Iterative techniques
(Linear Programming, Dynamic

Programming,
Multi-objective optimisation)

Artificial Intelligence (AI) techniques
(Artificial Neural Networks (ANN), Fuzzy

Logic, Genetic Algorithms (GA))

Simulating Annealing and Particle
Swarm Optimisation (SAPSO)

Probabilistic techniques Particle Swarm Optimisation (PSO) techniques Artificial Neural Networks and
Genetic Algorithms technique

Deterministic techniques Simulating Annealing (SA) techniques Downhill Simplex technique

Graphical construction techniques Teaching–Learning-Based Optimisation
(TLBO) techniques

Probabilistic and
Deterministic technique

Ant-Colony-based techniques
Artificial Bee Colony (ABC) techniques

2.1. Conventional Optimisation Techniques

The iterative method includes a procedure of mathematical simulations that con-
clude to a sequence of roughly estimated results to solve the problem under invstigation.
A computer is used to carry out the simulations up to the point where the given criteria
are met [6]. To be more precise, the linear modification of the values assigned to HRES
decision variables is carried out by iterative methods and thus scanning of all possible
configurations of the generating units is applied. In this light the calculation of how reliable
the system’s power can be by testing every single configuration is identified, together with
the optimum configuration. The evolutionary algorithm (or heuristic technique) can be
considered as an advancement of the widely known iterative technique. In spite of the
deficiencies leading to a local and not a global optimum system, the evolutionary algorithm
is not affected by the number of decision variables; its increase is related to an exponential
rise in the simulation time [25]. Iterative techniques include Linear Programming tech-
niques [26,27], Dynamic Programming techniques [28,29], and Multi-objective optimisation
techniques [30–32].

Probabilistic techniques are formed as a description of the design of every variable
through statistical tools, attributing random values reliant on the data imported. Simula-
tions are conducted either on an hourly or daily basis [6,22,33,34].

On the other hand, the load demand and resources are investigated as deterministic
parameters with time-series variation that is already known; this is the way deterministic
techniques function [35–37].

Where the optimisation functions along with the contours are drawn in the same graph,
graphical construction techniques are formed. Focusing on the area of implementation,
these techniques can provide a solution to the optimisation problem [6,38,39].

2.2. New Generation Optimisation Approach Techniques

The techniques of this category can be seen as metaheuristic optimisation methods.
GA techniques are subsets of evolutionary algorithms characterised as global search
heuristics [6]. Although containing an elitist approach, they are considered as dynamic
search techniques, with a simulation where the best individual in a generation is transferred
without degradation to the next generation [40]. GA use Darwin’s theory (referring to the
survival of the fittest among a population) consisting of three main operations (namely
selection, crossover, and mutation) and three main controlling parameters (namely popula-
tion size and crossover and mutation rates) [41,42]. A random selection of individuals from
the initial population (“the parents”) concludes with using them to generate the “children”
for the next generation based on the three main operations. After that, the procedure
moves on with repeated modifications of individual solutions leading towards the desired
optimum population evolution over successive generations [40]. The extensive crossover
and mutation processes that generate new population in every stage of the process help GA
not to jeopardise adhering to the local optimum as conventional optimisation techniques
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can do. Nonetheless, GA require a great number of control variables and constraints as an
input in order to generate the solution for the optimisation problem. Defining the optimum
controlling coefficients, as their modification can lead to a pertinent modification in the
algorithm’s effectiveness, is of great importance [41].

ANNs are computational (or mathematical) models based on biological neural net-
works [24]. Comprised of interrelated groups of artificial neurons, they represent the
evaluated system’s intermediate solutions and process the input data by using a connec-
tionist approach to simulation [43].

Fuzzy Logic techniques operate by evaluating both the error and the change in the
error between the actual outputs and the reference (or control) inputs, such as those per-
formed by a PID (Proportional Integral Derivative) controller. The operational level of the
controller (fuzzification (or input) stage), welcomes the scaled values, these being processed
by the “main controller” based on the process of decision-making (fuzzy inference (or
processing) stage). The output values are produced by the defuzzification (or output) stage,
the former being used as inputs to the fuzzification stage. Repetition of the entire process
is vital until an optimal solution is generated (error converging to zero) [44].

PSO is a population-based evolutionary simulation approach. Its rapid convergence
and simplicity of implementation in single-peak as well as multimodal functions (although
there is a risk that PSO particles can get captured in the local optima) leads to its increasing
popularity. Swarm Optimization is a technique inspired from the biology which imitates
bird flocking and fish schooling to optimise non-linear functions [45]. As the most com-
monly used metaheuristic algorithm [46], it is a feature attributed to its accurate results [47].
To attain the global optimum the position and the speed of every particle-constituent of
the swarm are separately calculated during each iteration step [44]. Through this process,
each particle keeps a record of two values, namely pbest (the up to now best-encountered
solution) and gbest (the best solution encountered by the entire swarm), to converge to the
desired result [48]. Kennedy and Eberhart [45] stated that the tracking of the aforemen-
tioned values could conceptually be considered similar to the GA crossover operation.

SA is a technique mainly utilised to resolve discrete search space optimisation
problems [1,49,50].

TLBO is an algorithm which is population based, established on the traditional
classroom approach (teaching–learning), using two phases for the simulation process,
as GA and ABC also do. The phases include the teacher (learning from the teacher) and
learner/student (during the last phase, every individual attempts to improve by interacting
with other learners). In this nature-inspired approach, the population to achieve the global
solution is actually the class of learners. The various optimisation problem control variables
generate the various subjects attributed to the learners proportionally. A value-grade for
each subject is attributed to each student, corresponding to a possible solution, while
the quality of the proposed solution is represented by the mean grade of all subjects.
The teacher represents the entire population’s best solution [41].

The Ant Colony technique is a simple and robust metaheuristic optimisation tech-
nique, imitating the biological behaviour of the ant. Where there is no value in implement-
ing conventional techniques, it is utilised for greatly non-linear problems [1,51,52].

The well-structured labour division and organisation, including the employed bees,
the onlooker bees, and the scout bees, is the inspiration behind a latterly developed
metaheuristic technique. ABC is inspired by the inherent waggle-dancing behaviour of
honeybees for foraging purposes [46]. Scout bees take care of the exploration process while
onlooker bees take care of the exploitation process [44]. By simultaneously avoiding con-
sidering Hessian and gradient matrix data and incorporating population-based stochastic
rules, the ABC technique can achieve the global optima while avoiding the local. In general
terms, ABC techniques comprise of: the Initialisation Phase and the Repeat Phase, with
the latter being subdivided into Employed Bees Phase, Onlooker Bees Phase and Scout
Bees Phase [46].
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2.3. Hybrid Techniques

The literature includes references of variations of the aforementioned methodolo-
gies. The quasi-Newton algorithm, the response surface methodology, the design space
approach, parametric approaches, the “Energy hub” concept, the matrix approach, the
Honey Bee Mating algorithm, the tabu search, the Artificial Immune System algorithm
and the Bacterial Foraging algorithm are some of these variations [1]. It is worthwhile
mentioning that many novel metaheuristic algorithms, including CS (Cuckoo Search),
MB (Mine Blast), IC (Imperialist Competition), WC (Water Cycle), HBB-BC (Hybrid Big
Bang-Big Crunch) [44], and CMA-ES (Covariance Matrix Adaption–Evolution Strategy)
algorithms use PSO techniques as the comparison reference [53].

Feasible variations can also be caused by acombination of the conventional and new
generation approach techniques. For example, Kalogirou [42] presented a combined ANN
and GA technique that used the GMDH (Group Method of Data Handling) (or “polynomial
networks”) technique to optimise a solar industrial-process heat system. Santarelli and
Pellegrino [54] presented the Downhill Simplex optimisation technique, which can be
considered a heuristic technique utilised in complex optimisation problems consisting of
many control variables. Khatod et al. [23] presented a robust technique with integrated
characteristics from both deterministic (capacity reserve) and probabilistic (generation
capacity) techniques. Last, Yang et al. [55] presented a technique with the use of two
different models (i.e., SA and PSO), the SAPSO technique.

2.4. Comparison of Modelling Techniques

HRES optimisation is comprised of various conflicting objectives [44]. For HRES
rough sizing, analytical techniques are generally suggested. Simulation techniques based
on the MCS approach are considered inappropriate due to their complexity, requirement
for (often not available) detailed data, and increased computational time. Moreover, they
do not facilitate the user to identify the crucial control variables and the interconnections
between them [22].

Bhandari et al. [6] stated that AI (Artificial Intelligence) algorithms can be considered
the most suitable solution for HRES optimisation problems due to their independence of
long-term weather input data. Saharia et al. [44] underpinned this statement persisting on
the heuristic nature and the ability of rapidly converging to the global optimum, attributes
which characterise AI algorithms. Nevertheless, these algorithms could decline from
the optimised behaviour as the number of constraints increases at an uncontrolled rate,
leading to a pertinent increase in the computational burden and the divergence rate [32].
In this context, better optimisation results could be attained when a hybrid combination
of the aforementioned techniques together with a software-based simulation analysis is
implemented [10,56,57]. This is considered a wise policy as the complementary nature of
these techniques can better serve the optimisation target.

3. Simulation Software Categorisation

Al-Sheikh and Moubayed [58] identified deployability, simplicity of use, modularity,
and expendability as the three key characteristics used to determine the effectiveness of a
simulation method. The up-to-date research work has driven the development of various
categorisation methodologies and criteria for the available simulation software [4].

Lundsager et al. [59] classified ten software tools dedicated for analysing isolated
wind energy systems in six categories depending on the criteria of the simulation timescale.
These categories were the Screening tools, the Logistic tools, the Dispatch tools, the System
Control tools, the Dynamic tools and the Transient tools. In their turn, Turcotte et al. [7]
classified the existing software tools into four categories using their form and scope as
criteria. The resulting categories were the Simulation tools, the Prefeasibility tools, the
Sizing tools, and the Open Architecture Research tools.

Connolly et al. [14] have examined thoroughly, among an initial pool of 37 software
tools implemented generally in energy systems, seven simulation tools which can be used
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in HRES analysis. They concluded that a sound audit of these tools could be accomplished
only by using the criteria of the typical applications to which they are dedicated, their
availability, the type of optimisation (operational or investment), the type of energy sector
addressed to (electricity, heat, or transport) and their scope.

Arribas et al. [60] classified 23 software tools in four categories (Dimensioning, Simu-
lation, Research, and Mini-Grid Design) using their cost and licensing policy, availability
features and applications as criteria. It is worthwhile to mention that the result approaches
the methodology adopted by Turcotte et al. [7]. Further categorisation was also carried
out by Arribas et al. [60] according to the tools’ commercial availability, leading to Free,
Commercial, Internal, and Standard commercial system simulators categories.

Ringkjøb et al. [53] classified 75 modelling tools dedicated for the analysis of energy
and electricity systems in various categories using the criteria of general logic, spatiotem-
poral resolution and technological and economic features of the tools. Adopting the criteria
of purpose, the modelling tools were classified into four subcategories, viz. Power System
Analysis tools, Operation Decision Support, Investment Decision Support and Scenario.
Adopting the criteria of approach, the modelling tools were classified into two main subcat-
egories, namely the Bottom-Up (or Engineering) approach and the Top-Down (or Economic)
approach. A hybrid (both bottom-up and top-down) approach can also be considered.
Finally, adopting the criteria of the spatiotemporal resolution, the modelling tools were
classified into three subcategories, which were the Simulation tools, the Optimisation tools
and the Equilibrium tools.

The HRES simulation software that can be found in the literature (both commercially
and non-commercially) and that have been used in the majority of the scientific works so
far include: ARES, Dymola/Modelica, HOMER, HYBRID (1,2), Hybrid Designer, HybSim,
HYDROGEMS, HySim, HySys, iGRHYSO, iHOGA, INSEL, IPSYS, RAPSIM, RAPsim,
RETScreen, SIMENERG-SimSEE, SOLSIM, SOLSTOR, SOMES, TRNSYS, and WINSYS.

Comparison of Simulation Software Tools

HOMER, RETScreen, HYBRID2, and iHOGA are the most commonly used simulation
software tools and are found in accepted papers and journals of the scientific community.
Each software tool has its strong points and disadvantages compared to the others and,
depending on the specific project under evaluation, can be considered more suitable to be
selected for an undergoing simulation.

The sole form of electrical energy storage simulated by most software packages is
the battery banks, with HOMER and iHOGA being the only software that can simulate
hydrogen energy storage [4,14]. Furthermore, HOMER is the only software that can also
integrate CAES (Compressed Air Energy Storage) into the simulation process [4]. On
the other hand, HOMER considers only one objective function and excludes intra-hour
variability for system NPC (Net Present Cost) calculation [32]. It is also noteworthy to
mention that HOMER does not take into consideration the effect of possible future load
growth or batteries’ DOD (Depth Of Discharge). The last parameter plays a crucial role in
HRES optimisation due to its inversely proportional relationship with both batteries’ life
and capacity. This is a point in HOMER software that requires further improvement for
better optimisation results [4].

Batteries are considered as one of the most expensive system components due to the
need for periodic overhaul and mandatory replacement at the end of lifetime (indepen-
dently of operating status). Advanced models are utilised by iHOGA to precisely calculate
the batteries’ lifetime. This precise calculation leads to a more realistic NPC estimation
compared to other software [19]. Furthermore, it can optimise PV (Photovoltaic) panels’
slope, taking into consideration possible degradation effects (in contrast to RETScreen) [4].

The major drawback of HOMER, RETScreen, and HYBRID2 is that the proposed solu-
tion is restricted to the input parameters range inserted by the user, whereas the optimum
solution could lie outside this range. The outcome of RETScreen cannot depict the effect
of temperature variation when PV performance is examined. Furthermore, the software’s
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outcome is not accompanied by graphical representation and there is no possibility yet
for energy storage simulation. Moreover, RETScreen is a feasibility analysis and not an
optimisation tool. In its turn, HYBRID2 cannot freely modify the system parameters and it
is not operational on Windows platforms developed later than Windows XP [32].

Recapitulating, HOMER and iHOGA are the most commonly used simulation software
due to their capability for maximum RES combinations simulation as also sensitivity
and optimisation analysis [4,61]. It is noteworthy that better optimisation results could
be achieved if a combination of the above-mentioned simulation software is adopted,
exploiting their complementary nature for project area-specific simulations.

4. Optimisation Constraints

A number of indicators (or decision-making criteria) are utilised globally as the basis
for the HRES simulation and optimisation process assessment. This includes the con-
straints selected by the user (predetermined requirements) and the pertinent objectives [9].
The assessment indicators shall generally be characterised as [62]:

• Scientific, functional, and practical;
• Easily understandable;
• Representative.

Polatidis et al. [63] outlined the conceptual scheme for a project containing RES,
including its decision-making process. This scheme contained technical, institutional,
environmental, economic, and social barriers. In the framework of multi-criteria decision
analysis, Hirschberg et al. [62] classified 36 indicators used for the electricity supply tech-
nologies sustainability assessment in two general categories, namely the Quantitative and
Qualitative indicators. Given stated assumptions, quantitative indicators were considered
mainly economic metrics which could be verified with relative objectivity. On the other
hand, qualitative indicators were mainly subdivided into environmental and social metrics.
Thus, the authors stated that environmental, social, and economic metrics should be seen
as the pillars to form sustainability metrics.

Based on the same principle (multi-criteria decision analysis), Afgan and Carvalho [64]
carried out a sustainability assessment of seven characteristic projects using economic,
environmental, and social indicators. They concluded that the choice of indicators and
subindicators is crucial for the quality of the evaluation process. Liu et al. [65] utilised
the AHP (Analytical Hierarchy Process) to develop a generally applicable sustainability
indicator for HRES evaluation. In this context, their approach led to the development of
pertinent subindicators (economic, environmental, and social) and a performance parame-
ter database. Santoyo-Castelazo and Azapagic [66] classified 17 sustainability indicators
into three broad categories, namely environmental, economic, and social indicators. In
their turn, Guzmán Acuña et al. [9] carried out a literature survey and classified the various
existing assessment indicators into three groups, namely technical (or power reliability),
environmental, and economic indicators.

Finally, Wang et al. [67] carried out a LCA (Life Cycle Analysis) of a standalone
commercial HRES microgrid using the environmental indicators of EPBT (Energy Pay-
back Time) and the relevant lifecycle environmental impacts to compare the microgrid’s
performance with two independent electrification options.

Power Reliability Indicators

The majority of previous scientific work has approached the optimisation challenge
simultaneously in technical, financial, and environmental terms [68,69]. Focalising only
on the technical approach, numerous power reliability indicators have been mentioned
in the literature. They can be seen as global indicators which represent the overall sys-
tem’s behaviour and can be interpreted as a metric of the performance of the system
in compliance to the required level, without defeat, for prespecified time intervals and
conditions [70]. The following indicators can be named: SQI (Service Quality Index) [71],
LOEE (Loss Of Energy Expectation), LOLE (Loss Of Load Expectation), and LOHE (Loss Of
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Healthy Expectation) [23], EMR (Electricity Match Rate) [72], maxENS [9], ExCF (Exergetic
Capacity Factor) [73], FLNS (Fractional Load Not Served) [74], and SAIDI (System Average
Interruption Duration Index) [75].

Inthis work, 13 power reliability indicators, which are encompassed in the majority
of technical reports and pertinent scientific journals, are further analysed: LOLH (Loss
of Load Hours), LOLP (Loss of Load Probability) or LOLR (Loss of Load Risk), LOPSP
(Loss Of Power Supply Probability), EENS (Expected Energy Not Supplied), RPS (Relia-
bility of Power Supply), FEE (Final Excess Energy), EGR (Energy Generation Ratio), LA
(Level of Autonomy), ELF (Equivalent Loss Factor), EUE (Expected Unserved Energy),
SPL (System Performance Level), EIR (Energy Index of Reliability), and REF (Renewable
Energy Fraction).

It shall be noted that LOLH and LOLP can be categorised as loss of load indicators,
while the other power reliability indicators examined can be categorised as loss of energy
indicators [76,77].

The number of hours of load failures is illustrated by LOLH, a power reliability
indicator. Practically, it is about the number of hours that the load demand surpasses
the power supply from both energy generating sources and ESS (Energy Storage System)
during simulations carried out on an hourly basis [5]. LOLH is only associated with the
load demand, the meteorological conditions, and the energy generating sources capacities.
Therefore, any possible component breakdowns or maintenance downtime are not included
in the LOLH calculation [78,79]. Thus, LOLH can be expressed as:

LOLHcurrent(hours) =
{

LOLHprevious + 1, ∀PLoad > PHRES,max & SOCESS, current = SOCmin
LOLHprevious, otherwise

(1)

where: PLoad is the load demand, PHRES,max is the maximum power produced from all
generating units, SOCESS, current is the current ESS’ SOC (State Of Charge) and SOCmin is
the minimum ESS’ SOC.

LOLP is a projected expression of the amount of time an energy system’s load L(t) will
be greater than the generating resources capacity P(t) [5,80]. LOLP stems from probability
network modelling with the aid of binomial distribution [81] and can be expressed as [9,79]:

LOLP(%) =
∑T

t=1 ϕ(t)
T

=
LOLH

T
(2)

where: ϕ(t) =
{

0, f or L(t) ≤ P(t)
1, f or L(t) > P(t)

or Equation (3) [82]:

LOLP(%) =

∫ T
o Power de f icit(t)∫ T

o Power demand(t)
(3)

or Equation (4) [83]:

LOLP(%) = ∑
j

P
[
CA = Cj

]
·P
[
L > Cj

]
= ∑

j

Pj ∗ tj

100
(4)

where: P is the probability, CA is the available generation capacity, Cj is the remaining
generation capacity, L is the expected load, Pj is the probability of capacity outage, and
tj is the percentage of time that the expected load L exceeds the remaining generation
capacity Cj.

Equation (4) was developed assuming that the relevant peak load has an all-day
duration, rendering a load duration curve possible to alternatively be used for LOLP
calculation. This curve is comprised of diurnal peak loads in descending order [80]. It is
noticeable that the tolerance range for standalone HRES lies in the range of 0.05–2% [79].
Furthermore, LOLP refers only to generation facilities (Hierarchical Level I). When the
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analysis is extended to both generation and transmission infrastructure (Hierarchical
Level II), the PLC (Probability of Load Curtailment) indicator is considered instead [70,84].

SPL is equal to the number of days that the load cannot be met and is expressed using
probabilities. Markov chain modelling is used for its calculation [85].

LOPSP is a power reliability indicator illustrating the probability of inadequate power
supply for a specific time period [5,21]. LOPSP is the most popular indicator used for
optimisation scopes [24] and can be considered as a statistical parameter used as a measure
of the HRES performance for an assumed or known load distribution. It does not only
focus on the abundant or insufficient RES potential period [86]. Two approaches are widely
known in the literature for the implementation of LOPSP [87]. The first approach relies on
time-series simulations, expressing the calculation complexity. It can be expressed with the
aid of Equation (5) [21,86]:

LOPSP(non− dimensional) =
∑t=T

t=1 hours
(

Isupplied(t) < Irequired(t)
)

T
(5)

where: Isupplied(t) is the current provided by HRES generating sources at hour t, Irequired(t)
is the current required by the load at hour t, and T is the total number of hours,
or Equation (6) [9,87–89]:

LOPSP (%) =
∑t=T

t=1 LPS(t)

∑T
t=1 ED(t)

(6)

where: T is the number of hours of the evaluated period, LPS(t) is the energy deficit
at period t (at this period the energy production from renewable resources is less than
the energy demand and the batteries have reached their DOD), and ED(t) is the energy
required by the load at period t.

It is worthwhile to clarify that the power failure time is designated as the time period
of unsatisfied load due to both insufficient renewable energy production and ESS being
near its maximum DOD [90]. The second approach for LOPSP implementation utilises
probabilistic techniques to incorporate the variable/stochastic character of resources and
load into the calculation, eliminating the requirement for time-series simulations [87].
It is worth mentioning that the tolerance range for off-grid HRES lies in the range of
0.05–2% [32,91,92].

RPS is complementary to LOPSP and is defined with the aid of Equation (7) [46]:

RPS = 1− LOPSP (7)

EENS is a probabilistic index that is designated as the expected energy requested by
the load but not supplied by the available generation due to load excess [9,22,90,93]. EENS
can be calculated by Equation (8):

EENS(kWh/year) =


ELoad −

∫ PHRES,max
PHRES,min

PHRES· fPHRES(PHRES)·d(PHRES), for PLoad > PHRES,max∫ PLoad
PHRES,min

(PLoad − PHRES)· fPHRES(PHRES)·d(PHRES), for PHRES,min ≤ PLoad ≤ PHRES,max

0, f or PLoad < PHRES,min

(8)

where: fPHRES is the PDF (Probability Density Function) for all generating units inside the
examined HRES (calculated after convolution of the individual PDFs of each generating
unit), PLoad is the load demand, ELoad is the energy requested by the load, PHRES is the power
produced from all generating units, PHRES,max is the maximum power produced from all
generating units and PHRES,min is the minimum power produced from all generating units.

Another expression for EENS calculation was provided by Shirvani et al. [94] and
Al-Shaalan [95] for which the Load Duration Curve was considered as a prerequisite. It is
noteworthy that EENS has the lowest convergence rate among most other power reliability
indicators [84]. Thus, it is advisable to be utilised as the convergence target during a
multi-optimisation analysis.
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EIR can be calculated by Equation (9) [95–97]:

EIR(non− dimensional) = 1− EENS
ED

(9)

where: ED is the load energy demand.
LA is designated as the percentage of time (expressed in hours) during which no-load

losses are recorded. It is depicted with Equation (10) [9,82,93]:

LA(%) = 1− HLOL
Htot

= 1− LOLH
Htot

(10)

where: HLOL is the number of hours with load losses and Htot is the operation hours.
ELF stands for the effective outage hours divided by the aggregated number of

operating hours [98,99]:

ELF(non− dimensional) =
∑t

qh
dh

H
(11)

where: qh is the Loss of Load measured in hth step of the simulation, dh is the power
demand in hth step of the simulation, and H is the total hours of simulation.

Based on Equation (11), ELF provides data for both the number and the magnitude
of power outages. For standalone applications and remote rural areas, a value of ELF
less than 0.01 is considered acceptable [100–102]. Jahanbani and Riahy [99] stated in their
work that for grid-connected systems in developed countries, a target of 0.0001 for the ELF
reliability indicator is set.

EUE is a deterministic index, equivalent in principle to EENS, that calculates the ex-
pected energy not being supplied to load during the system evaluation period due to energy
generation shortage or technical inability of energy-generating resources. It is calculated us-
ing negative margin probabilities in a clustering methodology from Equation (12) [103,104]:

EUE (kWh/year) = ∆T·
Nt

∑
k=1

Uk (12)

where: ∆T = T
Nt

is the discrete time step duration, considering that the observation period
T is divided in Nt discrete time steps and Uk is the expected unsatisfied load during the
kth time step.

FEE can be considered as an optimisation constraint for the ESS of the HRES. FEE is
equal to the net charge gathered in ESS when the period of analysis has been elapsed. This
indicator can be expressed with the discrepancy between the ESS charge at the beginning
and end of analysis as expressed in Equation (13) [32]:

FEE (kWh/year) = CEt=T − CEt=0 (13)

where: CEt=T is the ESS cumulative energy at the end of the analysis, CEt=0 is the ESS
cumulative energy at the beginning of the analysis and T is the total duration of the period
of analysis.

• If FEE is less than zero, the net ESS charge will be decreased at the end of the analysis
period, leading to a possible system failure.

• If FEE is equal to zero, there is no discrepancy between the initial and final ESS charge.
• If FEE is greater than zero, the net ESS charge will increase, leading to its

possible overestimation.

It is worth noticing that in order to reduce the system cost, the optimisation target
for FEE is set at zero. A slightly positive value may be acceptable to counterbalance any
possible variations of the load. In this case, the possible energy excess can be fed to a
potential dummy load, continuously balancing the energy generation [75].
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REF is a power reliability indicator used for both grid-connected and off-grid HRES,
comprised of both non-intermittent and RES. It expresses the percentage of load covered
by the renewable energy resources and is quantified with the aid of Equation (14) [32,105]:

REF (%) = 1− ∑t=T
t=0 ENIS(t)

∑t=T
t=0 L(t)

(14)

where: ENIS(t) is the amount of energy generated by the non-intermittent resources,
∑t=T

t=0 L(t) is the total load demand and T is the total duration of the analysis period.

• If REF is equal to zero, the load is completely covered by the non-intermittent
energy resources.

• If REF is greater than one, the hybrid system sizing is overestimated.
• If REF is less than zero, the hybrid system sizing is underestimated.

EGR is a power reliability indicator utilised in conjunction with FEE and REF. It
provides feedback about the amount of energy generated by each resource of HRES. Thus,
for an HRES comprised of PV modules and wind turbines (WTs), EGR can be approximated
with the aid of Equation (15) [32,75]:

EGR =
GFWE
GFPV

(15)

where: GFWE is the fraction of the total energy generated that is covered by WTs and is
expressed with the aid of Equation (16):

GFWE =
∑t=T

t=0 EWE(t)

∑t=T
t=0 EPV(t) + ∑t=T

t=0 EWE(t)
(16)

GFPV is the fraction of the total energy generated that is covered by PV modules and
is expressed with the aid of Equation (17):

GFPV =
∑t=T

t=0 EPV(t)

∑t=T
t=0 EPV(t) + ∑t=T

t=0 EWE(t)
(17)

EWE(t) is the amount of energy generated at the moment t by WTs and EPV(t) is the
amount of energy generated at the moment t by PV modules.

• If EGR is equal to one, the load is satisfied equally by PV modules and WTs of
the HRES.

• If EGR is greater than one, WTs contribute more than PV modules to load satisfaction.
• If EGR is less than one, WTs contribute less than PV modules to load satisfaction.

EGR can be considered as an optimisation target for the HRES designer throughout
the prefeasibility analysis period in order to attain a system which prioritises a specific
energy resource predominant in the installation area.

5. Simulations’ Input Parameters

A HRES comprised of WT generators, PV modules, lead-acid battery banks and a con-
verter/inverter was examined. Prespecified installation areas in Greece were investigated:
Thessaloniki (latitude: 40.6401◦ N and longitude: 22.9444◦ E), Athens (latitude: 37.9838◦ N
and longitude: 23.7275◦ E) and Heraklion (latitude: 35.3387◦ N and longitude: 25.1442◦ E).

5.1. Solar and Wind Potential

Solar irradiation (IT) data from NASA’s database for a TMY (Typical Meteorological
Year) for the three installation areas were used [106]. Figures 3a, 4a and 5a show the
pertinent solar irradiation profiles, which have annual average values of 1489 kWh/m2 for
Thessaloniki, 1686 kWh/m2 for Athens and 1732 kWh/m2 for Heraklion, respectively.
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Wind speed (v) data from NASA’s database for the three installation areas were
used [106]. Figures 3b, 4b and 5b show the pertinent wind speed profiles, which have
annual average values equal to 5.48 m/s for Thessaloniki, 6.96 m/s for Athens and 9.16 m/s
for Heraklion, respectively.

5.2. Load Demand Profile

An important parameter during the sizing procedure of a HRES is the load profile.
The specific load profile examined as a case study concerned a remote off-grid consumer
(four-member dwelling for household use), with average energy requirements equal to
9.45 kWhe/day. It is worth noting that the specific load profile is interlinked only with
the concerned dwelling’s electricity consumption, which in turn is not correlated with
the building’s thermal loads and consequently its geometrical characteristics. The system
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sizing is dictated by the relevant hourly peak power demand, equal to 1.52 kWe. Figure 6
depicts the pertinent annual load profile.
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5.3. System Configuration

The architecture of the HRES consists of WT generators, PV modules, and battery
banks connected to a common DC (Direct Current) busbar. An inverter electrifies the AC
(Alternating Current) load (connected to the AC busbar), also acting as a charge controller
for the lead-acid battery banks. The schematic overview of the electric circuit used for the
simulations is presented in Figure 7.
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5.4. Economic Parameters

Table 2 depicts the system economic parameters which are imported into each software
in order to conduct the pertinent analysis, while Table 3 presents the HRES components
economic parameters.

Table 2. System parameters considered for economic analysis.

Nominal Discount Rate Expected Inflation Rate Project Lifetime

7% 2% 25 years
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Table 3. HRES components economic parameters.

Components Parameters HOMER Pro Values iHOGA Values

PV modules
Capital cost (EUR) per PV module 200 200

O & M 1 cost (EUR/year) per PV module 1.7 1.7
Lifetime (years) 25 25

WTs

Capital cost (EUR) per WT 4255 4255
Replacement cost (EUR) per WT 3055 3055

O & M 1 cost (EUR/year) per WT 85 85
Lifetime (years) 15 15

Batteries
Capital cost (EUR) per battery 150 110

Replacement cost (EUR) per battery 140 50
O & M 1 cost (EUR/year) per battery 1.4 1.1

Inverter

Capital cost (EUR) 2900 2900
Replacement cost (EUR) 2600 2600

O & M 1 cost (EUR/year) 290 290
Lifetime (years) 10 10

1 O & M: Operation & Maintenance. Note that the different parameters for the battery bank’s replacement and O & M costs are due to the different
nominal capacities chosen for the battery banks, with the latter being attributed to the employed software tool options. Following normalisation of the
relevant costs with the battery bank’s nominal capacities, identical values are derived.

5.5. Optimisation Targets

Economic and power reliability optimisation targets were selected and as conse-
quence different sets of results have been derived. The economic targets aim at minimi-
sation of LCOE and NPC, while the power reliability targets aim at 100% coverage of
consumer’s energy demand. The simulation results were accumulated in dedicated Tables
for further processing.

Three of the reliability indicators analysed in Section 4 (LOPSP, LA and EUE)
were examined, considered as the most widely adopted. These were calculated by the
Equations (18)–(20) as:

LOPSP (non− dimensional) =
unmet load

(
kWh
year

)
overall energy demand

(
kWh
year

) (18)

LA (%) =

1−
unmet load

(
kWh
year

)
overall energy demand

(
kWh
year

)
 ∗ 100 = (1− LOPSP) ∗ 100 (19)

EUE
(

kWh
year

)
= unmet load

(
kWh
year

)
(20)

5.6. Simulation Scenarios

For the evaluation of the selected software, nine different combinations of the previous
meteorological data were used as input parameters and simulated with an hourly time
step as case studies. Table 4 presents all combinations taken into consideration.
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Table 4. RES potentials combinations.

Scenario S/N RES Potentials Data

1 IT,annual = 1489 kWh/m2 − vaverage = 5.48 m/s
2 IT,annual = 1489 kWh/m2 − vaverage = 6.85 m/s
3 IT,annual = 1489 kWh/m2 − vaverage = 9.16 m/s
4 IT,annual = 1686 kWh/m2 − vaverage = 5.48 m/s
5 IT,annual = 1686 kWh/m2 − vaverage = 6.85 m/s
6 IT,annual = 1686 kWh/m2 − vaverage = 9.16 m/s
7 IT,annual = 1732 kWh/m2 − vaverage = 5.48 m/s
8 IT,annual = 1732 kWh/m2 − vaverage = 6.85 m/s
9 IT,annual = 1732 kWh/m2 − vaverage = 9.16 m/s

6. Simulation Results
6.1. System Sizing for Optimum Financial Cost

The results of sizing and financial parameters obtained by the simulation of the
examined HRES for optimum financial cost are accumulated in Tables 5–8.

Table 5. Simulation results of selected software for the sizing parameters of the HRES examined for optimum financial cost.

Scenario S/N

HOMER
Pro_Total

Nominal PV
Power (kWp)

iHOGA_Total
Nominal PV
Power (kWp)

HOMER
Pro_Total

Nominal Wind
Power (kW)

iHOGA_Total
Nominal Wind

Power (kW)

HOMER
Pro_Battery

Bank’s
Capacity (kWh)

iHOGA_Battery
Bank’s

Capacity (kWh)

1 10.3 4.225 0 0.66 22.85 31.1
2 5.47 4.225 0.914 0.66 10.55 31.1
3 3.07 1.3 0.914 0.66 10.55 31.1
4 7.47 4.225 0 0.66 15.82 31.1
5 5.09 4.225 0.914 0.66 10.55 31.1
6 2.9 1.3 0.914 0.66 10.55 31.1
7 3.87 4.225 0.914 0.66 15.82 31.1
8 4.07 4.225 0.914 0.66 10.55 31.1
9 2.27 1.3 0.914 1.32 10.55 31.1

Table 6. Simulation results of the selected software for the energy distribution of the HRES examined for optimum
financial cost.

Scenario S/N

HOMER
Pro_Excess

Energy
(kWh/year)

iHOGA_Excess
Energy

(kWh/year)

HOMER
Pro_Energy

Delivered by
PV Array

(kWh/year)

iHOGA_Energy
Delivered by

PV Array
(kWh/year)

HOMER
Pro_Energy

Delivered by
WT Array

(kWh/year)

iHOGA_Energy
Delivered by

WT Array
(kWh/year)

1 8908 1446 12,797 3917 0 1775
2 6163 2137 6811 3917 3079 2439
3 4269 324 3820 1205 4154 3198
4 6460 1844 10,331 4404 0 1747
5 6389 257 7034 4404 3079 2411
6 4448 563 4015 1355 4154 3156
7 3716 1800 5373 4403 2145 1747
8 4997 2539 5653 4402 3079 2410
9 3589 367 3156 1354 4154 3155
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Table 7. Simulation results of the selected software for unmet load and battery banks’ autonomy of the HRES examined for
optimum financial cost.

Scenario S/N HOMER Pro_Unmet
Load (kWh/year)

iHOGA_Unmet Load
(kWh/year)

HOMER Pro_Days
of Autonomy

iHOGA_Days
of Autonomy

1 26.27 96.45 1.93 2.17
2 37.85 73.50 0.89 2.17
3 17.54 150.22 0.89 2.17
4 38.75 44.82 1.34 2.17
5 40.55 46.94 0.89 2.17
6 3.35 24.66 0.89 2.17
7 5.46 21.37 1.34 2.17
8 32.47 34.31 0.89 2.17
9 5.85 99.42 0.89 2.17

Table 8. Simulation results of the selected software for LCOE and NPC of the HRES examined for optimum financial cost.

Scenario S/N HOMER
Pro_NPC (EUR) iHOGA_NPC (EUR) HOMER Pro_LCOE

(EUR/kWh)
iHOGA_LCOE

(EUR/kWh)

1 40,173 33,171 0.83 0.40
2 37,753 33,171 0.78 0.39
3 33,449 33,138 0.69 0.40
4 37,539 33,171 0.77 0.39
5 37,401 33,171 0.77 0.39
6 33,328 31,808 0.68 0.37
7 37,471 33,171 0.77 0.39
8 36,649 33,171 0.76 0.39
9 33,230 33,138 0.70 0.40

The following remarks can be concluded:

1. iHOGA maintains the total nominal wind power (except for scenario 9) and the
batteries bank’s capacity constant as well as their pertinent contribution to load
requirement. The strategy opted by the software consists of the diversification of
the solar power appropriately to respond to load variation. In contrast, HOMER Pro
depicts a diversified dispatch strategy. The software maintains only the total nominal
wind power as a constant, whereas both the solar power and also the batteries bank’s
capacities are diversified. Moreover, it is worth noting that for scenarios 1 and 4
(where low wind potential is present) HOMER Pro has opted for only PV panels and
batteries to satisfy the load demand.

2. The PV contribution generated by iHOGA is smaller than the relevant one generated
by HOMER Pro for all scenarios examined. On the other hand, HOMER Pro has opted
for smaller battery banks’ capacities to satisfy the load requirements in comparison
to iHOGA. This is also visualised in the smaller values of batteries bank’s autonomy
achieved with HOMER Pro compared to iHOGA.

3. For all scenarios examined, HOMER Pro, compared to iHOGA, generates greater vol-
umes of excess energy (ranging from 2 to over 13 times). The previous remark
can be principally ascribed to the straightforward control strategy that iHOGA
has adopted [11].

With regards to resources allocation, the smaller flexibility noted by iHOGA is the root
cause of the greater amounts of annual unmet load compared to the pertinent ones noted
by HOMER Pro. To be more precise, the annual unmet load values generated by iHOGA
are 1.15 to approximately 17 times greater than the pertinent values generated by HOMER
Pro. This fact also affects the variation between the power reliability indicators calculations.
The discrepancies between the values calculated for the power reliability indicators LOPSP,
LA and EUE are visualised in Figures 8–10, respectively, on the basis of the simulation
results of the selected simulation software.
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Power reliability indicators are substantially affected by the higher amounts of annual
unmet load generated by iHOGA for all scenarios examined. This fact results in greater
levels of autonomy and smaller amounts of unserved energy (or energy excess) for the
standalone configuration examined. It is also noteworthy that both software tools attained
LA values greater than 95.6% for all scenarios examined. Thus, when power reliability
optimisation targets are set, HOMER Pro, owing to its dispatch strategy, can be considered
more preferable than iHOGA. When financial optimisation constraints are set as a priority,
the opposite is valid.

6.2. System Sizing for Optimum Load Coverage

Tables 9–11 accumulate the simulation results from HOMER Pro and iHOGA for the
sizing and financial parameters of the HRES examined for optimum load coverage.

Table 9. Optimum load coverage simulation results for the HRES sizing parameters from HOMER Pro and iHOGA.

Scenario S/N

HOMER
Pro_Total

Nominal PV
Power (kWp)

iHOGA_Total
Nominal PV
Power (kWp)

HOMER
Pro_Total

Nominal Wind
Power (kW)

iHOGA_Total
Nominal Wind

Power (kW)

HOMER
Pro_Battery

Bank’s
Capacity (kWh)

iHOGA_Battery
Bank’s

Capacity (kWh)

1 4.61 9.425 1.828 0.66 12.76 31.1
2 5.47 9.1 0.914 0.66 10.55 31.1
3 3.07 4.225 0.914 0.66 10.55 31.1
4 5.42 7.475 0.914 0.66 21.12 31.1
5 5.09 9.1 0.914 1.98 10.55 38.8
6 2.9 4.225 0.914 0.66 10.55 31.1
7 3.87 6.5 0.914 0.66 15.82 31.1
8 4.07 6.5 0.914 0.66 10.55 31.1
9 2.27 4.225 0.914 0.66 10.55 31.1
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Table 10. Optimum load coverage simulation results for the energy distribution of the HRES from HOMER Pro and iHOGA.

Scenario S/N

HOMER
Pro_Excess

Energy
(kWh/year)

iHOGA_Excess
Energy

(kWh/year)

HOMER
Pro_Energy

Delivered by
PV Array

(kWh/year)

iHOGA_Energy
Delivered by

PV Array
(kWh/year)

HOMER
Pro_Energy

Delivered by
WT Array

(kWh/year)

iHOGA_Energy
Delivered by

WT Array
(kWh/year)

1 5577 6143 5738 8738 3604 1775
2 6163 6575 6811 8437 3079 2439
3 4269 2859 3820 3917 4154 3198
4 5832 5182 7490 7792 2145 1747
5 6389 12,522 7034 9486 3079 7235
6 4448 3602 4015 4404 4154 3156
7 3716 4143 5373 6775 2145 1747
8 4997 4873 5653 6773 3079 2410
9 3589 3302 3156 4403 4154 3155

Table 11. Optimum load coverage simulation results of HOMER Pro and iHOGA for LCOE and NPC of the HRES examined.

Scenario S/N HOMER Pro_NPC (EUR) iHOGA_NPC (EUR) HOMER Pro_LCOE
(EUR/kWh)

iHOGA_LCOE
(EUR/kWh)

1 43,881 39,378 0.83 0.50
2 37,753 38,980 0.78 0.45
3 33,449 33,171 0.69 0.40
4 37,539 37,052 0.77 0.43
5 37,401 55,370 0.77 0.64
6 33,328 31,842 0.68 0.37
7 37,471 35,883 0.77 0.42
8 36,649 35,883 0.75 0.42
9 33,230 33,171 0.70 0.40

The following remarks can be concluded:

1. As is also valid for the simulations for optimum financial cost, iHOGA maintains the
total nominal wind power (except for scenario 5) and the batteries bank’s capacity
constant as their pertinent contribution to load demand. The software has opted for
the appropriate diversification of solar power to respond to load variation. In contrast,
HOMER Pro presents a different dispatch strategy. The software retains constant only
the total nominal wind power (except for Scenario 1) and diversifies both the battery
banks’ capacities as well as the solar power.

2. All energy resources are included in the configurations that have been generated by
both software, contrary to the relevant simulations for optimum financial cost.

3. The PV contribution generated by iHOGA is greater than the relevant one generated
by HOMER Pro for all scenarios examined, as opposed to simulations carried out
for optimum financial cost. Furthermore, HOMER Pro has opted for smaller battery
banks’ capacities to satisfy the load requirements.

4. In 5 out of 9 scenarios (except Scenarios 1, 2, 5 and 7), iHOGA, compared to HOMER
Pro, generated smaller amounts of excess energy.

6.3. Comparison of Simulation Results

Tables 12 and 13 perform a comparison of the simulation results between HOMER
Pro, iHOGA and ESA for the nine scenarios examined for optimum financial cost.
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Table 12. Comparison of the optimum financial cost simulation results generated by the three software tools for the
sizing parameters.

Scenario S/N

HOMER
Pro_Battery

Bank’s
Capacity

(kWh)

iHOGA_Battery
Bank’s

Capacity
(kWh)

ESA_Battery
Bank’s

Capacity
(kWh)

HOMER
Pro_Energy

Delivered by
WT Array

(kWh/year)

iHOGA_Energy
Delivered by

WT Array
(kWh/year)

ESA_Energy
Delivered by

WT Array
(kWh/year)

1 22.85 31.10 24 0 1775 9989
2 10.55 31.10 30 3079 2439 9989
3 10.55 31.10 20 4154 3198 9989
4 15.82 31.10 32 0 1747 10,171
5 10.55 31.10 32 3079 2411 10,171
6 10.55 31.10 16 4154 3156 9989
7 15.82 31.10 16 2145 1747 9989
8 10.55 31.10 28 3079 2410 20,341
9 10.55 31.10 18 4154 3155 9989

Table 13. Comparison of the optimum financial cost simulation results generated by the three software tools for the
energy distribution.

Scenario S/N

HOMER
Pro_Unmet

Load
(kWh/year)

iHOGA_Unmet
Load

(kWh/year)

ESA_Unmet
Load

(kWh/year)

HOMER
Pro_Excess

Energy
(kWh/year)

iHOGA_Excess
Energy

(kWh/year)

ESA_Excess
Energy

(kWh/year)

1 26.27 96.45 0 8908 1446 3485
2 37.85 73.50 0 6163 2137 3485
3 17.54 150.22 13.80 4269 324 3485
4 38.75 44.82 0 6460 1844 3694
5 40.55 46.94 0 6389 2570 3694
6 3.35 18.43 100.08 4448 563 3179
7 5.46 21.37 100.08 3716 1800 3179
8 32.47 34.31 131.14 4997 2539 9072
9 5.85 99.42 134.59 3589 367 3573

The following remarks can be concluded:

1. ESA was selected to cover the load demand only with WTs for all scenarios examined.
The greater capacity of WTs that resulted from the software simulations has also
increased the relevant amount of energy delivered by WTs, compared to the two
commercial software examined.

2. For all scenarios examined, the battery banks’ capacities generated by ESA are greater
than the pertinent ones generated by HOMER Pro. Contrarily, iHOGA generated greater
values for the battery banks’ capacities than ESA (except for Scenarios 4 and 5).

3. Excluding Scenario 8, the excess energy generated by HOMER Pro is greater than the
one generated by ESA. Moreover, iHOGA generated smaller values of excess energy
than ESA for all scenarios examined.

7. Discussion

Results from any software shall always be addressed with intrinsic constraints in
mind. Familiarity and technical expertise of the software’s user determine to a high extent
the simulations’ outcome, necessitating their evaluation with due objectivity. Moreover,
the software’s accuracy is enhanced by the quality of data imported and their pertinent
detail [107,108]. Due to the fact that the simulations performed were based on hourly
distributions of solar irradiation and wind speed, they are considered as the most ap-
propriate input data for the analysis of a pertinent project. Furthermore, the reliability
of the findings also depends on the diversity of the case studies examined. The HRES
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configuration adopted for the simulations was validated against configurations utilised in
relevant published studies [10].

As concluded, optimum resource allocation plays the most crucial role for rational
compromise between optimisation criteria. The overall findings of the present work
research present great interest when compared with existing studies in the literature
and pinpoint the requirement for further research. Table 14 aggregates the similarities
and discrepancies noted between the present work’s results and three pertinent case
studies [11,109,110].

Table 14. Similarities and discrepancies between the literature and the current research work.

Case Study Similarities with Current Work Discrepancies with Current Work Reference No

Simulation of an off-grid HRES
(consisting of PV panels, WTs, and
battery banks) with HOMER
Optimisation criteria:

− System’s volume
− NPC and LCOE

− The ratio between solar and
wind power generated
approaches the relevant ratio
generated for the 1st scenario
of the current research.

− Greater capacity of solar
power in comparison to
wind power.

− Same order of magnitude for
the volume of excess
energy generated.

− Following a sensitivity
analysis, the number of
batteries selected decrease
with the improvement of
wind energy potential.

− Greater NPC and LCOE [109]

Optimal sizing of a HRES
(comprised of PV panels, WTs, and
battery banks) using the simulation
results of HOMER Pro, HOMER
Beta, and iHOGA
Optimisation criteria:

− System’s volume
− NPC and LCOE

− Similar economic parameters
imported for the calculations

− Greater quantities of solar
than wind power

− Lowest NPC for the optimum
system proposed by iHOGA

− Much greater load
− Greater quantities of selected RES
− Highest LCOE for the optimum

system selected by iHOGA
[110]

Optimal sizing of a microgrid
(comprised of PV panels, WTs, and
battery banks) using the simulation
results of HOMER and iHOGA
Optimisation criteria:

− System’s volume
− NPC and LCOE
− Renewable

energy penetration
− Emissions
− Social parameters

− Almost similar HRES size
− Greater battery bank’s

capacity suggested by
iHOGA than the one
suggested by HOMER

− Smaller quantity of battery bank’s
days of autonomy calculated by
iHOGA than by HOMER

− Inverse profile of the financial
parameters (NPC and LCOE)
calculated (the two optimised
models proposed by HOMER had
smaller values than the ones
proposed by iHOGA)

− Discrepancies in the simulation
results of social constraints
(Human Development Index and
jobs creation)

[11]

Valuable conclusions could be drawn if the simulations of the current research were
repeated via a combination of power reliability and environmental constraints. Moreover,
most grid-connected systems are optimised under financial criteria. Thus, of paramount
importance would be to repeat the current simulations considering grid-connected instead
of standalone HRES and evaluate the pertinent results using the power reliability indicators
presented. Furthermore, a variable electrical load could be examined and a relevant
sensitivity analysis could be issued for that purpose, contributing to a thorough clarification
of the optimisation process.

The gap between modelling capabilities and emerging technologies (or technologies not
yet explored in great detail, such as tidal and wave energy) requires ceaseless, long-lasting
research and development efforts in the scientific domain of HRES for simulations of increased
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accuracy. In this context, DSM, load control, financial planning, and forecasting techniques
should be incorporated in the HRES operational control. The implied optimised planning can
achieve further reduction in the HRES cost. It is noteworthy that the optimisation results shall
always consider the maximum penetration limit of wind energy generation into the electricity
grid, especially in isolated regions with weak electricity infrastructure.

Energy storage is considered as a prerequisite for the efficient integration of renewable
energy into the electricity grids and in this context, there is a constant tendency of novel
technologies to appear. Some of them can even be combined to comply with the recom-
mended criteria set by the grid operators for the integration of renewable energy and the
quality of power supplied to consumers (Grid Codes). Thus, extended simulations of HRES
configurations including different energy storage technologies could be another aspect of
long-term work. In addition, the pertinent results can be incorporated into the existing
control strategies to boost the percentage of renewable energy injected into the electricity
grid. Pareto-based multi-objective optimisation techniques and heuristic approaches could
be implemented for that purpose.

Finally, the outputs of control algorithms up to now have been used as a benchmark
database for various commercial simulation software. Real-time interactive optimisation
algorithms together with ANN are considered the future dominants of the grid junctions’
energy flux. Their behaviour should be investigated and efforts should be made to convert
the optimal control strategy from benchmark use to real-time use, adopting respective
modelling techniques.

8. Conclusions

The lack of an extended comparison between the selected, most used, commercial
software for HRES optimisation was the motivating force for the present work. Several
studies were published in the last decade concerning both grid-connected and standalone
electrification projects during which the optimum configuration was foraged through
various versions of HOMER and at a second level with RETScreen. However, only a tiny
minority of them had attempted to clarify, via comparison of simulations, the control
strategy adopted from HOMER and iHOGA in relevant projects in order to identify the
strong points as also the repercussions of each one on the decision-making.

The current research has realised a review of the theoretical techniques and the soft-
ware developed for optimising HRES projects. Moreover, it has focused on the various
categories of assessment indicators which could serve as optimisation constraints. An im-
portant originality imported was that simulations were conducted for nine representative
scenarios with one in-house (ESA Microgrid Simulator) and two commercial (HOMER Pro
and iHOGA) HRES simulation tools in order to clarify their sensitivity. Special attention
was paid to the hourly based elaborate energy balance evaluation for the proposed config-
uration. Economic and power reliability optimisation targets were selected, being the root
cause of different sets of results. The percentage contribution of each renewable energy
source, the volume of excess energy generated, and the relevant volume of unmet load
were accumulated in dedicated Tables. In this way, they provided responses for the RES
that becomes premium by each software and the adopted pertinent dispatch strategy. Sub-
sequently, the selected power reliability indicators were used as the basis for the evaluation
of the results.

Finally, a theoretical discussion of the results’ validity was carried out and suggestions
for future research work, aiming mainly to incorporate emerging technologies into the
current control schemes and render them more efficient, have been carried out.
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HRES Hybrid Renewable Energy System
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SA Simulating Annealing
SOC State Of Charge
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