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 5 
Abstract—This work describes a methodology to optimize a grid-connected hybrid renewable energy system 6 
(HRES) that hybridizes photovoltaic, wind and forest biomass energy sources taking into account cost and 7 
environmental impact criteria from a life-cycle perspective. The developed model has been tested in a sample 8 
township in central Catalonia. The results show that life-cycle cost and life-cycle environmental impact are 9 
contradicting criteria.  Low environmental impact layouts highly dependent on RES have higher costs than 10 
the ones more reliant on the electricity from the public grid, which present high environmental impact. A 11 
sensitivity analysis has been performed to analyze the trade-offs between different energy sources of the 12 
system, showing that wind power is the RE source with higher impact on the system since it presents lower 13 
cost and lower environmental impact, compared with biomass and photovoltaic power. Another important 14 
conclusion that can be drawn from such sensitivity analysis is that improving the rate of return on investment 15 
in HRES would be a very beneficial measure to encourage the use of renewable energies for electricity 16 
production, as it has significant positive outcomes in terms of both cost and environmental impact reduction. 17 
 18 
Keywords—Grid-connected hybrid renewable energy system; multi-objective optimization; solar 19 
photovoltaic power; wind power; biomass. 20 
 21 

I. INTRODUCTION 22 

Renewable energies (REs) are an appealing alternative for tackling the climate change global issue, which 23 
is widely recognized as the major challenge that is going to be faced in the upcoming future due to the major 24 
implications in terms of water resources stress increases [1], [2] or global air and ocean temperature increases 25 
[3], among others. These major changes in climate patterns are already being observed and there is scientific 26 
consensus on being particularly affected by the anthropogenic global greenhouse gases (GHG) emissions 27 
increase [3], including carbon dioxide (CO2), methane (CH4) and nitrous oxide (N2O). In particular, the 28 
current anthropogenic GHG emissions could already be beyond planet boundaries [4], hence being of critical 29 
importance to deal with such issue in a quick and effective manner. 30 

In this context, REs are an alternative worth exploring, as they are effective means for climate change 31 
prevention and mitigation [5], with undeniable external benefits in terms of environment quality and 32 
economic value, especially in the case of photovoltaic (PV) power, wind power and biomass power [6], which 33 
are the focus of the present work. Moreover, they are indigenous energy sources [7], allowing countries that 34 
position for them to reduce energy dependency whereas taking a transition path to a decentralized energy 35 
generation scheme that could be the basis for smart grid implementation. This is so because RE are not only 36 
a suitable alternative for microgrid implementation [8], but also efficient in transmission since energy 37 
generation can be placed close to consumption nodes [9]–[11] while allowing a modular structure [12]. 38 
Despite these benefits, it is noteworthy to mention that main benefits of REs are in terms of environmental 39 
performance, as these sources are carbon-free (PV or wind power) or carbon-neutral (biomass), being thus a 40 
viable alternative to de-carbonize the energy generation. Another remarkable benefit from REs use is the 41 
revaluation of local resources currently misused as well as the creation of local job opportunities [13], 42 
especially in the case of forest wood biomass resource, which requires labor force in the fields of forest 43 
management, harvesting, biofuel production storage and distribution [14] and helps preventing landscape 44 
quality, landslides and biodiversity [15]. 45 

However, REs have an inherent stochastic nature, which is their main drawback. Whereas fossil fuel-based 46 
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energy production is predictable and fully controllable, RE-based electricity generation is highly dependent 1 
on weather conditions which are not predictable with the accuracy required for electricity supply. To 2 
overcome this issue, hybrid renewable energy systems (HRES) combining two or more energy sources can 3 
counteract the weaknesses of one source with the strengths of another [16]. For example, wind and solar 4 
irradiation daily and even seasonal patterns complement each other. In addition, they can be combined with 5 
a more predictable energy source such as biomass power that can be dispatched on demand [17]–[19]. 6 

The main purpose of this paper is the optimal sizing of a HRES based on both economic and environmental 7 
criteria, being of interest the research field of HRES multi-objective optimization. After a thorough literature 8 
review, it has been noted that most of the works focused on HRES optimization deal with stand-alone systems 9 
[8], [9], [12], [13], [20]–[27] rather than focusing on grid-connected layouts as in the case of this paper. 10 
Moreover, it must also be noted that there are many works that use HRES optimization software packages 11 
such as HOMER [12], [20], [28]–[31], unlike others that develop heuristic methodologies [8], [21], [23], 12 
[24], [27], [32]–[37] such as those based on evolutionary techniques like genetic algorithms (GA). 13 

The hybridized RE sources are usually PV and wind, combined with battery storage [20], [23], [29], [33], 14 
[38] or pumped hydro storage (PHS) [21], [26]–[28], [39], [40] to add flexibility and reliability. Another 15 
alternative is the combination of one of the aforementioned RE sources with a backup generation technology, 16 
which is often a diesel engine-generator set [8], [24], [25], [30], [41], [42]. The alternative of grid-connection 17 
has been observed in very few cases [43]. 18 

Another differential aspect of the present work is the use of real on-site hourly data for both weather 19 
variables and electricity demand. When looking at that in the literature, it has been observed that some works, 20 
rather than using real hourly data, they rely on estimated weather-related variables [28], [29], [38], [41] and/or 21 
electricity demand data [20], [21], [25], [27]–[29]. The present work would be included in the group of papers 22 
that rely on actual data with hourly accuracy [8], [12], [23], [30], [33], [42], being able to capture both hourly 23 
and seasonal weather and demand pattern changes. 24 

Hence, from the literature survey, it has been noticed a scarcity of papers focused on grid-connected HRES, 25 
and, aside from previous work by the authors [44], none of the accessed ones is focused on the hybridization 26 
of PV, wind and biomass power sources – being the latter the one that provides backup to the formers – or 27 
uses real on-time electricity sale and purchase prices according to actual market pool and hourly 28 
discrimination tariff prices. This work also proposes to use the forest wood biomass in a sustainable way, i.e. 29 
without surpassing the self-growth rate of local forests so the locally available resource can be used avoiding 30 
resource depletion or scarcity at mid- or long-term. This is introduced in the work through the inclusion of 31 
the price of sustainably-harvested forest wood biomass as well as estimating the forested area required to 32 
feed the system. The novelty of this work can be, therefore, justified from these characteristics, as well as 33 
from a multi-objective analysis that allows decision-makers not only to perform informed decisions but also 34 
to understand the trade-offs between system cost and environmental impact. 35 

II. SYSTEM DESCRIPTION 36 

The proposed optimization methodology has been designed to deal with a grid-connected HRES based on 37 
the hybridization of PV power, wind power and power from forest wood biomass gasification, as proposed 38 
in [44] (see Fig.1). 39 

 40 
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 1 
Fig. 1.  Proposed HRES layout 2 

Such layout has several advantages, among which are noteworthy to mention the flexibility provided by 3 
the grid connection and the forest wood biomass engine, which has a short response time so it can be used to 4 
backup stochastic renewable energy sources whenever required. Thanks to the grid connection and the 5 
biomass subsystem, which has a programmable supply thanks to its storability, the HRES can be designed 6 
without battery banks that otherwise would be mandatory [26] to ensure system’s reliability and that would 7 
increase overall system cost [20]. 8 

System components include PV modules, small wind turbines and a biomass system consisting of a gasifier 9 
coupled with an internal combustion engine (ICE) – generator group. For the PV subsystem, a 265 Wp and 10 
1.46 m2  module UP-M265M has been selected [45]. For the wind power subsystem, the chosen SUT200 11 
wind turbine has a nominal power of 200 kW [46]. These two subsystems are scalable. Scalability is 12 
important because it allows changing system size easily by increasing or decreasing the number of PV 13 
modules and/or wind turbines. Hence, the proposed HRES optimization model can be used in many different 14 
places and at many different scales of generation by only adapting the weather, electricity demand, 15 
components’ performance and cost variables to the new constraints. 16 

Regarding the biomass subsystem, a different approach was taken. The selected equipment is a generic 500 17 
kWe gasifier-ICE-generator. Such generation power was established to partially cover the average hourly 18 
electricity demand in the sample dealt with. In biomass-based electricity generation equipment, unlike in the 19 
previously mentioned PV and wind subsystems, system scale has significant impact on the efficiency, being 20 
preferable to select a single ICE. The conversion technology consists on forest wood chip gasification in a 21 
downdraft gasifier, with subsequent combustion of the obtained syngas in a gas engine after gas cleaning and 22 
cooling. This is the most efficient conversion path at the scale of 100-1000 kW [47], [48] and it also beneficial 23 
in terms of maintenance and equipment lifetime [49]. The biomass subsystem is thought to work always at 24 
full load in order to maximize generator efficiency that otherwise would rapidly decay [50]. The equipment 25 
do not include pre-drying, because the Mediterranean climate ensures good drying rates by atmospheric 26 
drying and it do not include a biomass storage tank in the gasifier. Instead, the gasifier is cyclically fed at its 27 
full capacity. The bio-fuel used are forest wood chips from pruning and forest clearing, according to the 28 
environmental criteria of not using entire forest biomass, only that amount self-regenerated by the trees. 29 
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Another important aspect of the system layout is how to establish the priorities of using one source of 1 
another whenever there are one or more available, and the design condition of supply-demand match. For 2 
environmental reasons, this work proposes prioritizing PV and wind power usage ahead of biomass power 3 
generation, which is used to backup PV and wind whenever they are not available. When the total PV, wind 4 
and biomass power generation is not enough to match the overall demand, the HRES will consume electricity 5 
from the public grid. Conversely, if PV and wind power are enough to match the existent demand, the biomass 6 
engine will be off. An intermediate situation occurs when PV and wind power exceed the existent demand, 7 
or when they are not enough to supply the demand but turning on the biomass subsystem at full load generates 8 
electricity surplus. In those situations, the excess electricity produced is sold to the grid at market price. 9 

III. METHODOLOGY DESCRIPTION 10 

In the following subsections the proposed methodology is detailed. First, a sample location is selected. 11 
Then, the data required for the model to find the optimum trade-off between cost and environmental impact 12 
in terms of CO2 emissions is presented for such sample location. Finally, the optimization algorithm is 13 
explained. 14 

A. Sample selection 15 

The sample location is a rural township in central Catalonia, a region with high availability of forest wood 16 
biomass, a moderate solar irradiation averaging around 1650 kWh/(m2year) [51], and with a low average 17 
wind speed of 3.7 m/s at 35 m above ground level [51]. The sample township has 2931 inhabitants and a 18 
population density of 86.6 inhabitants/km2, thus meeting the criteria for rural population [52] since it is below 19 
150 inhabitants/km2. The hourly electricity load averages approximately 1 MWh. The hourly peak demand 20 
is 2127 kWh. This sample is also representative of Mediterranean climate electricity consumption, hence the 21 
results can be extrapolated to similar climatic regions, such as Southern France, Italy or Greece, among 22 
others. The electricity price in Spain is similar to the average in the Euro area [53], so the results in terms of 23 
cost and return of investment would be comparable, and the model can be applied in these other contexts 24 
with slight changes in weather-related variables and demand. 25 

 26 

B. Input data 27 

Four groups of input variables are described in the following subsections: stochastic variables, including 28 
weather-related and demand data, cost and financial variables, equipment efficiency and performance 29 
variables and environmental impact variables. Data come from trustworthy sources which are indicted. 30 

 31 
1) Stochastic variables 32 

In this group are found those variables with a certain degree of randomness. In this work, data series of 33 
8760 points, corresponding to 24 hours – 365 days a year, have been used. Such data series allow capturing 34 
daily and seasonal patterns. They are summarized in Table I. 35 
 36 

TABLE I 
HOURLY SERIES OF STOCHASTIC VARIABLES 

Data Value Source 
Solar irradiation (W/m2) Vector of 8760 points (365 days x 24 hours) [51] 
Wind speed at 6m above ground (m/s) Vector of 8760 points (365 days x 24 hours) [51] 

Electricity demand profile (kWh) Vector of 8760 points (365 days x 24 hours) [54] 

The solar irradiation data series provided by [51] is measured on a horizontal surface, so a horizontal-to-37 
tilted plane conversion (eq. 1-3) was performed to obtain the solar irradiation SI on a plane tilted 37º, which 38 
is the optimum angle for the latitude of the sample. This can be done as follows [55]: 39 
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𝑆𝑆𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑆𝑆𝐼𝐼ℎ𝑜𝑜𝑜𝑜𝑡𝑡𝑜𝑜𝑜𝑜𝑜𝑜𝑡𝑡𝑜𝑜𝑡𝑡 · sin(𝛼𝛼+𝛽𝛽)
sin(𝛼𝛼)                   (1) 1 

where 𝛼𝛼 is the elevation angle and 𝛽𝛽 is the tilt angle measured from the horizontal, in the sample selected 2 
𝛽𝛽 = 37º. The elevation angle can be calculated as follows: 3 

𝛼𝛼 = 90 − 𝜙𝜙 + 𝛿𝛿                      (2) 4 

𝛿𝛿 = 23.45 · sin �360
365

· (284 + 𝑑𝑑)�                 (3) 5 

𝜙𝜙 being the latitude and 𝑑𝑑 ∈ (1, 365) the day of the year. 6 
The wind speed must be transformed to account for the boundary layer effect that reduces the wind speed 7 

close to the ground. According to [56], the measured wind speed at an altitude of 6 m [51] can be converted 8 
to the wind speed at hub height of 35 m as: 9 

𝑉𝑉𝐻𝐻 = 𝑉𝑉𝐻𝐻0(𝐻𝐻 𝐻𝐻0⁄ )1/7                    (4) 10 
where 𝑉𝑉𝐻𝐻 and 𝑉𝑉𝐻𝐻0 are, respectively, the estimated wind speed at height 𝐻𝐻 and the measured one at height 11 

𝐻𝐻0 = 6 𝑚𝑚. 12 
 13 

2) Cost and financial variables 14 
The cost variables category include the purchasing cost of PV modules, wind turbines, biomass gasifier 15 

and gas cleaning and cooling systems and the ICE-generator equipment. The operation and maintenance 16 
costs, as well as financial variables such as interest and inflation rates as well as lifetime of equipment – for 17 
return on investment and end of life value calculation – are also included. All of them are summarized in 18 
Table II. 19 

The selected PV power costs account not only for the PV panels but also for all other elements of the 20 
installation, i.e. wiring, converter, installation materials, labor costs and land acquisition and taxes. The 21 
chosen value is $3.8 per Watt-peak, representative of utility-scale installations according to [57]. 22 

In the case of wind power costs, the entire cost of the project is also considered, according to [58]. 23 
Biomass power generation equipment costs are taken from [59], [60], which were validated through a 24 

personal communication with an expert [61]. In this case, the cost of bio-fuel must also be added. According 25 
to [15], forest wood chips obtained through sustainable management practices based on cow grazing cost 26 

12.8 €/GJ, which in terms of tons of wood chips with a moisture content of 30% equals to 173 € 𝑡𝑡𝑡𝑡30%� : 27 

This cost clearly exceeds the current market prices of forest wood chips, ranging between 56 and 136 €/tn 28 
in European countries [62], since sustainable management and harvesting practices have been assumed. 29 

Finally, it is also important to highlight that the electricity sale and purchase is taken into account 30 
considering that electricity is purchased at current retail prices with hourly discrimination tariff [63] and sold 31 
at the clearing prices established in the market pool with hourly auctions [64]. It is important to remark that 32 
the electricity market in Spain, unlike in the 2000s, currently do not have price incentives for the production 33 
of renewable energy, so the surplus of energy generated is sold competing with all other sources of energy, 34 
regardless of their origin or environmental impact. Both prices are considered to suffer an annual inflation of 35 
3%, a consistent value considering the rates experienced throughout the last five years [65]. 36 

 37 
 38 
 39 
 40 
 41 

 42 
TABLE II 

COST AND FINANCIAL VARIABLES 
Data Variable name Value Source 

1. Lifetime    
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1.1. System lifetime 𝑁𝑁 25 years [66]–[68] 
1.2. PV modules lifetime 𝑌𝑌𝑃𝑃𝑃𝑃 25 years [69] 
1.3. Biomass equipment (gasifier – ICE) lifetime 𝑌𝑌𝑏𝑏𝑡𝑡𝑜𝑜 25 years [61] 
1.4. Wind turbine lifetime 𝑌𝑌𝑤𝑤𝑡𝑡 20 years [68] 

1.5. Solar PV DC – DC converter lifetime 𝑌𝑌𝑡𝑡𝑜𝑜𝑖𝑖 15 years [33], [68] 
2. Financial data    

2.1. Interest rate 𝐼𝐼𝐼𝐼 3.5% [70] 
2.2. Spain’s Value Added Tax (VAT) rate 𝑇𝑇𝐼𝐼 21% [71] 
2.3. General inflation rate 𝑔𝑔 3% [68] 
2.4. Electricity selling price inflation rate 𝑔𝑔𝑒𝑒𝑡𝑡𝑒𝑒𝑒𝑒𝑡𝑡𝑜𝑜𝑡𝑡𝑒𝑒𝑡𝑡𝑡𝑡𝑒𝑒 3% [68] 
2.5. Wind turbines selling price inflation rate 𝑔𝑔𝑤𝑤𝑡𝑡 -5% [68] 
2.6. Converter selling price inflation rate 𝑔𝑔𝑡𝑡𝑜𝑜𝑖𝑖 -5% [68] 
2.7. Cost reduction limit due to technological maturity for 

wind turbines 𝐿𝐿𝑔𝑔_𝑤𝑤𝑡𝑡 -25% [68] 

2.8. Cost reduction limit due to technological maturity for 
converters 𝐿𝐿𝑔𝑔_𝑡𝑡𝑜𝑜𝑖𝑖 -25% [68] 

3. Capital costs    
3.1. PV capital cost 𝐶𝐶𝑃𝑃𝑃𝑃 3800 $/kW [57] 
3.2. Wind capital cost 𝐶𝐶𝑊𝑊𝑊𝑊 2700 $/kW [58] 
3.3. Converter capital cost 𝐶𝐶𝐼𝐼𝐼𝐼𝑃𝑃 250 $/kWPV [68] 
3.4. Biomass equipment capital cost 𝐶𝐶𝐵𝐵𝐼𝐼𝐵𝐵 4000 $/kW [59]–[61] 

4. Fixed O&M costs    
4.1. PV fixed O&M costs 𝐶𝐶𝑃𝑃𝑃𝑃𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝐵𝐵&𝑀𝑀 32.64 $/kW [72] 

4.2. Wind fixed O&M costs 𝐶𝐶𝑊𝑊𝑊𝑊𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝐵𝐵&𝑀𝑀 32.15 $/kW [72] 

5. Variable O&M costs    

5.1. PV variable O&M costs  𝐶𝐶𝑃𝑃𝑃𝑃𝑣𝑣𝑣𝑣𝑣𝑣𝐵𝐵&𝑀𝑀 0 $/kW [72] 

5.2. Wind variable O&M costs 𝐶𝐶𝑊𝑊𝑊𝑊𝑣𝑣𝑣𝑣𝑣𝑣𝐵𝐵&𝑀𝑀 0.01475 $/kW [72] 

6. Bio-fuel (wood chips) cost 𝐶𝐶𝑊𝑊𝑜𝑜𝑜𝑜𝑊𝑊 173 €/tn [15] 

7. Electricity cost and tariff    

7.1. Electricity market price 𝐶𝐶𝑝𝑝𝑜𝑜𝑜𝑜𝑡𝑡 
Vector of 8760 points; 24 hours per 365 

days [64] 

7.2. Electricity retail price 𝐶𝐶𝑒𝑒𝑡𝑡𝑒𝑒𝑒𝑒𝑡𝑡𝑜𝑜 
Peak – 0.101406 €/kWh 
Flat – 0.078289 €/kWh 

Off-peak – 0.052683 €/kWh 
[54] 

    

7.3. Time periods  
Peak: 17-23 winter/10-16 summer 

Flat: 8-17, 23-24 winter /8-10,16-24 summer 
Off-peak: 0-8 winter time / summer time 

[63] 

It has been assumed an exchange rate of 1 € = 1.1292$ 1 
Values are presented in € or $ according to the original sources 2 
 3 
3) Efficiency and performance variables 4 

In this category of variables, there are included the efficiencies of PV modules, other PV ancillary 5 
equipment and biomass gasification – ICE system, as summarized in Table III. 6 

TABLE III 
EFFICIENCY AND PERFORMANCE VARIABLES 

Data Value Source 
PV module reference efficiency 15.0% [69] 
PV module nameplate derating 95.0% [73] 
PV inverter efficiency 92.0% [73] 
PV module mismatch factor 98.0% [73] 
PV connections efficiency 99.5% [73] 
PV DC wiring losses factor 98.0% [73] 
PV AC wiring losses factor 99.0% [73] 

PV soiling derating factor 95.0% [73] 
PV system availability O&M 98.0% [73] 
Biomass gasifier ideal efficiency 71% [59] 
Biomass gasifier operation efficiency 95% [61] 
Biomass syngas-fired ICE efficiency 37% [47], [61] 
Biomass lower heating value (LHV) 15.5 GJ/tn [61], [74] 

PV global efficiency is obtained by multiplying all system efficiencies, and introducing the efficiency 7 
decay due to aging, data provided by the manufacturer [45]. 8 

The characteristic curve is used to calculated the power output of the wind turbine for a given wind speed 9 



 7 

(see Fig. 2), as well as the PV warranted efficiency curve, which is used to estimate the PV power output 1 
decrease over modules lifetime due to aging (see Fig. 3). 2 

 3 
Fig. 2.  200 kW wind turbine characteristic curve, representing output power (kW) over wind speed (m/s) [46]. 4 

 5 

 6 
          Fig. 3.  Warranted power (%) over lifetime of selected monocrystalline PV module [45]. 7 

 8 
For the biomass subsystem, the global biomass-to-electricity conversion efficiency is calculated by 9 

multiplying all the gasifier ideal and operation efficiencies and the engine – generator group efficiency (see 10 
Table III), getting a 25% of global efficiency as a result. 11 

Another important aspect for the biomass system performance is the heating value of the bio-fuel. It can 12 
be calculated as follows [74]: 13 

𝐿𝐿𝐻𝐻𝑉𝑉𝑤𝑤 = �𝐻𝐻𝐻𝐻𝑉𝑉𝑊𝑊𝑜𝑜𝑑𝑑 − 20.3 · 𝐻𝐻𝑊𝑊𝑜𝑜𝑑𝑑� · (1 − 𝐴𝐴𝐶𝐶𝑤𝑤 −𝑀𝑀𝐶𝐶𝑤𝑤), 𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒 �
𝐴𝐴𝐶𝐶𝑤𝑤:𝑎𝑎𝑎𝑎ℎ %

𝑀𝑀𝐶𝐶𝑤𝑤:𝑚𝑚𝑚𝑚𝑚𝑚𝑎𝑎𝑡𝑡𝑚𝑚𝑒𝑒𝑒𝑒 %
𝐻𝐻𝑊𝑊𝑜𝑜𝑑𝑑:ℎ𝑦𝑦𝑑𝑑𝑒𝑒𝑚𝑚𝑔𝑔𝑒𝑒𝑡𝑡%

         (5) 14 

where HHV, hydrogen content and ash content are taken, respectively, as 20.4 GJ/tn, 6.2% and 3%, 15 
according to [75]. 16 

Through a personal communication with an expert [61], biomass is usually sold at 30% of moisture content, 17 
but with atmospheric pre-drying it can easily reach 15% moisture content which is better as it supplies more 18 
energy per kilogram. Therefore, the LHV of biomass is calculated for this moisture content:     19 

𝐿𝐿𝐻𝐻𝑉𝑉15% = (20.4 − 20.3 · 0.062) · (1 − 0.03 − 0.15) = 15.70 𝐺𝐺𝐺𝐺/𝑡𝑡𝑡𝑡       (6) 20 
To be conservative a value of 15.5 GJ/tn is selected, corresponding to a moisture content of 16%. 21 
 22 

4) Environmental impact variables 23 
The last group of input variables includes the life-cycle CO2 emissions for all electricity supply alternatives, 24 

that is PV modules, wind turbines, forest wood biomass gasification and the Spanish electricity grid. The 25 
values are presented in Table IV. 26 

 27 
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TABLE IV 
LIFE-CYCLE CO2 EMISSIONS VALUES 

Data Value Source 
PV life-cycle CO2 emissions (kgCO2/kWp) 439.9 [76] 
Wind turbine life-cycle CO2 emissions (gCO2/kWh) 30 [77] 
Forest wood biomass-based life-cycle CO2 emissions (gCO2/kWh) 60 [78] 
Spanish grid electricity supply CO2 emissions (gCO2/kWh) 428.6 [79] 

In the case of PV system life-cycle CO2 emissions, it has been chosen as representative the impact of a 1 
system by UPSolar with 439.9 kgCO2/kWp [76]. This datum corresponds to about 48 gCO2/kWh in a region 2 
with an average solar irradiation of 1650 kWh/(m2·year) as the one under study, a figure in accordance with 3 
other accessed sources, such as 40-45 gCO2/kWh reported by the NREL [80] and 46 gCO2/kWh reported as 4 
median value by the IPCC and Eurelectric [81], [82]. 5 

For wind power, the value of 30 gCO2/kWh for an average 300 kW wind turbine [77] was used as 6 
representative of life-cycle CO2 emissions. 7 

With biomass gasification and combustion in a gas engine – generator group, the chosen value is 60 8 
gCO2/kWh, obtained from [78], a value in accordance with the range of 40-60 gCO2/kWh given by NREL 9 
[83]. In this case, the value accounts for the logging, chipping, transport and other processes associated with 10 
biomass gathering and preparation. The emissions from syngas combustion are not accounted since biomass 11 
has a carbon neutral balance due to its carbon capture throughout lifetime before logging. It is claimed that 12 
this neutral balance is not accurate because the logging of forest wood biomass means a decrease in carbon 13 
stock that is equivalent to carbon emissions [84]. However, in this study this effect can be dodged because 14 
its impact is small compared with the environmental impact from logging, chipping and transport of forest 15 
wood biomass [85]. 16 

 17 

C. Algorithm description 18 

This paper deals with weather-related variables (wind speed and solar irradiation) and hourly fluctuations 19 
in electricity and thermal demand, which are non-predictable and non-homogeneous, thus making the 20 
problem complex to deal with since they induce variability in the relationship between the decision variables 21 
and the objective function. Different heuristic optimization methods have been proposed to deal with 22 
optimization problems that otherwise would be difficult to solve [86]. These methods usually generate a 23 
random initial solution, and generate and evaluate new solutions iteratively based on a determined generation 24 
rule and finally select the best solution [87]. The iterations are often paused when the error is below a 25 
threshold value, when there is no evident improvement of the solution after a determined number of iterations 26 
or when the calculation time surpasses an imposed limit value. Among them different methods highlight, 27 
such as particle swarm, evolutionary computation, ant colony systems, simulated annealing, or memetic 28 
algorithms among others [86]–[88]. They have several advantages compared to traditional methods, 29 
including shorter development time, or robustness since they are quite insensitive to missing data and noise.  30 
Genetic algorithms have been widely applied to solve multi-objective problems in hybrid renewable energy 31 
systems because of the fast convergence and uniform distribution of the Pareto frontier [89]. According to 32 
[90], 63% of the optimization papers related  to optimization works of renewable energy systems in the period 33 
2013–2015 are based on GA, whereas 33% are based on PSO. It is a recognized fact that GA-based 34 
optimization approaches allow increasing the optimum performance and efficiency of HRES and reducing 35 
environmental impact and cost [91]. 36 

The optimization algorithm is the core of the proposed optimization methodology. For the case under study 37 
the wisest choice according to the accessed literature is a genetic algorithm (GA) [21], [32], [92], due to its 38 
ability to tackle complex constrained or unconstrained problems with non-linarites [93] as HRES multi-39 
objective optimizations are [94], [95] and can be applied when dealing with input variables that contain noise 40 
or are stochastic. When a GA is used in multi-objective problems, instead of obtaining a single optimum, the 41 
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algorithm provides a set of possible solutions called Pareto front [66], [92], [95], [96].  1 
Once introduced all input variables and the objective functions defined, the optimization process can be 2 

applied. Among several possibilities, this paper proposes a GA-based optimization due to its ability to deal 3 
with problems allowing multiple solutions using a random initial population of prospective solutions and an 4 
evolutionary strategy to restrict the possible solutions according to a fitness value until the optimum solution 5 
is found. From the random initial population, the individuals producing the best solutions are ranked and the 6 
first ones are selected according to the fitness function to be optimized. Once the most adapted individuals 7 
are selected, the crossover operation is applied to produce a new generation of offspring individuals. The 8 
offspring individuals are generated from two existent specimens or parents. The mutation operation can also 9 
be applied although in this problem it is not applied since it deals with integer variables (wtNumber). The 10 
least-fit individuals are rejected and substituted by the new offspring individuals’ generation. This process is 11 
iterated until the minimum value of the fitness function to fulfill a stopping criterion.  12 

The algorithm described in subsections below has been implemented using the MATLAB R2014a 13 
Optimization Toolbox. 14 

 15 
1) Variables 16 

The optimization procedure is based on the optimization of one or more “fitness” functions, which are the 17 
objective functions of the problem. These functions are dependent on several independent variables that, in 18 
this case, are related to system sizing. The choice made are 𝑝𝑝𝑝𝑝𝐴𝐴𝑒𝑒𝑒𝑒𝑎𝑎, a representation of the area covered by 19 
the PV installation, and 𝑤𝑤𝑡𝑡𝑁𝑁𝑚𝑚𝑚𝑚𝑤𝑤𝑒𝑒𝑒𝑒, a representation of the number of turbines to be installed. 20 

 21 
2) Fitness functions 22 

The present work is aimed to optimize the proposed HRES system size according to both economic and 23 
environmental criteria. Therefore, two fitness functions have been defined, that is the Net Present Value 24 
(NPV), a cost metric obtained by adding and subtracting the discounted present values of all lifetime incomes 25 
and expenses (see Eq. 7), respectively; and the life-cycle system CO2 emissions, an environmental impact 26 
metric that accounts for all life-cycle greenhouse gas (see Eq. 8). 27 

The NPV accounts for all future cash-flows but converting them to their present value. This is useful 28 
because it allows analyzing the system cost without external variables such as inflation or currency value 29 
volatility affecting the metric. The system life-cycle costs accounted are the initial investment 𝐶𝐶𝑡𝑡𝑜𝑜𝑖𝑖𝑒𝑒𝑖𝑖𝑡𝑡𝑖𝑖𝑒𝑒𝑜𝑜𝑡𝑡, 30 
operation and maintenance costs 𝑁𝑁𝑁𝑁𝑉𝑉𝐵𝐵&𝑀𝑀, end of life residual value of components 𝑁𝑁𝑁𝑁𝑉𝑉𝑒𝑒𝑜𝑜𝑊𝑊𝑒𝑒𝑡𝑡𝑑𝑑𝑒𝑒, equipment 31 
replacement costs 𝑁𝑁𝑁𝑁𝑉𝑉𝑜𝑜𝑒𝑒𝑝𝑝𝑡𝑡 – wherever required – and electricity purchase and sale cash flows 𝑁𝑁𝑁𝑁𝑉𝑉𝑒𝑒𝑡𝑡𝑒𝑒𝑒𝑒𝑡𝑡𝑜𝑜𝑡𝑡𝑒𝑒𝑡𝑡𝑡𝑡𝑒𝑒: 32 
𝑁𝑁𝑁𝑁𝑉𝑉 = 𝐶𝐶𝑡𝑡𝑜𝑜𝑖𝑖𝑒𝑒𝑖𝑖𝑡𝑡𝑖𝑖𝑒𝑒𝑜𝑜𝑡𝑡 + 𝑁𝑁𝑁𝑁𝑉𝑉𝐵𝐵&𝑀𝑀 + 𝑁𝑁𝑁𝑁𝑉𝑉𝑜𝑜𝑒𝑒𝑝𝑝𝑡𝑡 − 𝑁𝑁𝑁𝑁𝑉𝑉𝑒𝑒𝑡𝑡𝑒𝑒𝑒𝑒𝑡𝑡𝑜𝑜𝑡𝑡𝑒𝑒𝑡𝑡𝑡𝑡𝑒𝑒 − 𝑁𝑁𝑁𝑁𝑉𝑉𝑒𝑒𝑜𝑜𝑊𝑊𝑒𝑒𝑡𝑡𝑑𝑑𝑒𝑒 = 𝑓𝑓(𝑝𝑝𝑝𝑝𝐴𝐴𝑒𝑒𝑒𝑒𝑎𝑎,𝑤𝑤𝑡𝑡𝑁𝑁𝑚𝑚𝑚𝑚𝑤𝑤𝑒𝑒𝑒𝑒)    (7) 33 

The different terms of (7) are explained in detail in [44], [97]. 34 
Regarding the measure of environmental impact, the life-cycle CO2 emissions have been selected as a 35 

representative metric. It is important to highlight the relevance of the life-cycle perspective, accounting the 36 
entire life-cycle emissions rather than the use-phase emissions alone. It is calculated as follows: 37 

𝐸𝐸𝐼𝐼 = 𝐸𝐸𝐼𝐼𝑃𝑃𝑃𝑃 + 𝐸𝐸𝐼𝐼𝑊𝑊 + 𝐸𝐸𝐼𝐼𝐵𝐵𝑡𝑡𝑜𝑜 + 𝐸𝐸𝐼𝐼𝐺𝐺𝑜𝑜𝑡𝑡𝑊𝑊 = 𝑓𝑓(𝑝𝑝𝑝𝑝𝐴𝐴𝑒𝑒𝑒𝑒𝑎𝑎,𝑤𝑤𝑡𝑡𝑁𝑁𝑚𝑚𝑚𝑚𝑤𝑤𝑒𝑒𝑒𝑒)            (8) 38 
where 𝐸𝐸𝐼𝐼𝑃𝑃𝑃𝑃, 𝐸𝐸𝐼𝐼𝑃𝑃𝑃𝑃 and 𝐸𝐸𝐼𝐼𝐵𝐵𝑡𝑡𝑜𝑜 are the environmental impact of the electricity produced by the PV, wind and 39 

biomass subsystems, respectively; and 𝐸𝐸𝐼𝐼𝐺𝐺𝑜𝑜𝑡𝑡𝑊𝑊 is the environmental impact of the electricity purchased to the 40 
electricity grid, calculated with the actual grid emissions. 41 

The environmental impact of the PV subsystem is proportional to the size of the installation, as given in 42 
[76], whereas the impact of wind and biomass subsystems are proportional to the amount of electricity 43 
generated with these technologies [77], [78], similarly as calculated for the grid using the data in [79]. 44 

 45 
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3) Optimization process 1 
Once the fitness functions are defined and the input variables properly introduced, the optimization 2 

algorithm can be applied. There are several parameters affecting the algorithm performance and its ability to 3 
tackle the set of optimum solutions in the Pareto front. Among these, it is worth highlighting the ones 4 
presented in Table V and shown in Fig. 5 together with the optimization model. 5 

TABLE V 
GA PARAMETERS 

Data Value 
Population size 100 individuals 
Pareto fraction 35% 
Maximum number of generations 500 generations 
Tolerance function value 1·10-4 
Lower bounds [0 m2; 0 WTs] 
Upper bounds [25000 m2; 25 WTs] 

The population size has been set to 100, 50 times the number of variables, to ensure a diverse potential of 6 
solutions when running the GA. 7 

Renewable Energy Sources (RES)
Solar Irradiation data

Wind speed data

Load profile (demand)

MATLAB R2014 PV and WT model 
simulation

PV power production (PPV)
Wind power production (PWT)

Cost parameters
Technology cost

O&M cost
Electricity market and retail price

RES models and parameters
Solar PV model (global efficiency)
Wind turbine model (characterisc 

curve)
Forest wood chips gasification – 

ICE model (global efficiency)

MATLAB R2014 optimization
Multi-objective GA (see Fig. 5)

NPV calculation
EI calculation

Optimal system sizing
pvArea

wtNumber

Pareto non-
dominated solution?

NO

YES

If   𝑷𝑷𝑷𝑷𝑷𝑷 + 𝑷𝑷𝑾𝑾𝑾𝑾 < 𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅   

𝑁𝑁 = 𝑁𝑁𝑁𝑁𝑉𝑉 + 𝑁𝑁𝑊𝑊𝑇𝑇 + 𝑁𝑁𝐵𝐵𝐼𝐼𝐵𝐵 �
𝑎𝑎𝑡𝑡 𝑡𝑡 = 𝑚𝑚 𝑚𝑚𝑓𝑓 𝑁𝑁𝐵𝐵𝐼𝐼𝐵𝐵𝑚𝑚−1 ≠ 0

𝑎𝑎𝑡𝑡 𝑡𝑡 = 𝑚𝑚 + 1 𝑚𝑚𝑓𝑓 𝑁𝑁𝐵𝐵𝐼𝐼𝐵𝐵𝑚𝑚−1 = 0  

If   𝑷𝑷𝑷𝑷𝑷𝑷 + 𝑷𝑷𝑾𝑾𝑾𝑾 > 𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅  

If   𝑷𝑷𝑷𝑷𝑷𝑷 + 𝑷𝑷𝑾𝑾𝑾𝑾 + 𝑷𝑷𝑩𝑩𝑰𝑰𝑶𝑶𝑶𝑶𝑨𝑨𝑨𝑨𝑨𝑨 < 𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅   

If   𝑷𝑷𝑷𝑷𝑷𝑷 + 𝑷𝑷𝑾𝑾𝑾𝑾 + 𝑷𝑷𝑩𝑩𝑰𝑰𝑶𝑶𝑶𝑶𝑨𝑨𝑨𝑨𝑨𝑨 > 𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅  

Electricity is purchased 
at retail price

Electricity is sold at 
market price

Electricity is sold at 
market price

8 
 9 

Fig. 4.  Proposed HRES cost optimization approach 10 

The Pareto fraction is the percentage of possible solutions that are forced to be maintained as optimums, 11 
the rest would be object of reproductions, migrations and mutations, which are established at their default 12 
rates, 80% for reproduction with an intermediate cross-over function that gives the same weight to both 13 
“parents” and 20% for forward migration. Mutation is set to be “constraint dependent” so slight changes in 14 
the individuals do not lead to a constraint violation. 15 
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DATA INPUT
1) Electricity demand and weather-related variables

2) Cost and financial variables
3) Efficiency and performance variables

4) Environmental Impact variables
5) Bounds and GA parameters

GENETIC ALGORITHM (GA)

Random generation of a population
with a size PopulationSize=100

of 2-variables (pvArea, wtNumber) 
individuals

Objective function evaluation

         
(8) Eq. from   ),(

(7) Eq. from   ),(
wtNumberpvAreafEI

wtNumberpvAreafNPV
=

=

Tolerance error < 𝜉 ?

MULTIPLE SOLUTION OUTPUT

Pareto Diagram

YES

NO

Genetic 
Evolution

1) Selection of 
best-fit individuals 

(set @ 35%)

2) Crossover (set 
@ 80%)

NPV & EI WEIGHTING

Unique solution according to 
chosen weighting

 1 
Fig. 5.  Optimization model and parameters 2 

The stopping criterion is set through the maximum number of generations and the tolerance function value. 3 
The latter is set to 10-4, and the former is set to 500. The maximum number of generations is required because 4 
in some cases the algorithm may reach a point where it starts fluctuating in a region of optimums within the 5 
space solutions, but without stopping if the tolerance function value is too small, as it was set in this case. 6 

The last settings are the bounds, which define the thresholds of the space of solutions. In this case, the 7 
lower bounds were set to 0 for both variables, meaning inexistent installation of each subsystem, and the 8 
upper bounds were set to values corresponding to a huge installation size, thus considering it not to be limited 9 
by available area. If there were constraints in terms of available area to be covered by PV panels it could be 10 
introduced in this part of the model.  11 

IV. RESULTS 12 

To provide a useful interpretation of the results, a sensitivity analysis has been performed. It is referenced 13 
to a base case which is the one obtained by implementing the described methodology with the values for the 14 
input variables provided in the sections above. 15 

 16 
1) Base case 17 

Under the assumptions presented in Tables I-V and the strategy described in sections II, III and IV and 18 
summarized in Figs. 4 and 5, the base-case scenario is defined. The model provides the Pareto front as a 19 
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solution (see Fig. 6a), from which a range of different solutions can be chosen by applying different weights 1 
to the two criteria analyzed, that is cost and environmental impact. 2 

As can be seen, when applying contradicting criteria, there is not a single optimum solution. Instead, there 3 
are multiple optimum solutions, and the choice of one or another depends on the weighting of these criteria 4 
that the decision-maker does.  5 

However, the scale of the values and the variation of them observed in the Pareto front makes it difficult 6 
to analyze de results in terms of weighting the two criteria. For instance, the life-cycle NPV of the system 7 
varies within the range of 54 to 64 million US dollars whereas the life-cycle CO2 emissions vary between 1 8 
million tons and ten million tons CO2 emitted. To overcome this issue, results have been normalized 9 
according to [98], so relative variations are observed instead of magnitude variations: 10 

𝑥𝑥𝚤𝚤� = (𝑥𝑥𝑓𝑓−�̅�𝑥)
𝑖𝑖

                         (9) 11 

where 𝑥𝑥𝚤𝚤�  is the normalized 𝑚𝑚 value and �̅�𝑥 and 𝑎𝑎 are the average and standard deviation of the set of values, 12 
calculated as follows: 13 

�̅�𝑥 = ∑ 𝑥𝑥𝑓𝑓𝑁𝑁
𝑓𝑓=1
𝐼𝐼

                      (10) 14 

𝑎𝑎 = �∑ (𝑥𝑥𝑓𝑓−�̅�𝑥)2𝑁𝑁
𝑓𝑓=1

𝐼𝐼
                     (11) 15 

With aim to provide an insight on the required system size for the scale of generation of the sample 16 
township, a compromise solution giving equal importance to both criteria, i.e. weighting each criterion 50%, 17 
has been selected (see Fig. 6a and 6b the highlighted dot): 18 

𝑤𝑤𝑎𝑎𝑎𝑎𝑒𝑒 − 𝑐𝑐𝑎𝑎𝑎𝑎𝑒𝑒 𝑁𝑁𝑁𝑁𝑉𝑉 = 58,645 𝑀𝑀$                         19 
𝑤𝑤𝑎𝑎𝑎𝑎𝑒𝑒 − 𝑐𝑐𝑎𝑎𝑎𝑎𝑒𝑒 𝐸𝐸𝐼𝐼 = 0,3515 𝑀𝑀𝑡𝑡𝑡𝑡𝐶𝐶𝐵𝐵2               (12) 20 

These results are reached with an installation of 3900 square meters of UP-M265M PV panels and 9 wind 21 
SUT200 wind turbines. 22 
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 23 
Fig. 6.  Base-case Pareto front: (a) raw data and (b) normalized data 24 

 25 
2) Sensitivity analysis 26 

To facilitate results interpretation as well as the behavior of the proposed model to changes in input 27 
variables, a sensitivity analysis has been conducted. Such analysis consists in creating percent changes in the 28 
input variables identified as relevant and to observe the difference in the result yielded by the algorithm. A 29 
fixed value of 10% has been chosen as the percentage to variate the values of input variables for its easiness 30 
to be tracked. The results are shown in Table VI. 31 

 32 
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TABLE VI 
Sensitivity Analysis 

 Variable Variation NPV change EI change 

C
O

ST
 PV capital cost +10% +0.60% -13.66% 

Wind capital cost +10% +0.48% +6.77% 
Biomass capital cost +10% +0.22% -3.33% 
Fuel cost +10% +0.78% -0.94% 

FI
N

. Electricity price +10% +6.40% -2.85% 
General inflation rate (g) +10% +0.37% -2.71% 
Interest rate +10% -3.69% -5.83% 

EF
FI

C
IE

N
C

Y
 

Module reference efficiency +10% -1.01% +0.17% 
Wind turbine reference efficiency +10% -1.10% -3.58% 
Biomass gasifier – ICE efficiency +10% -0.97% -1.31% 
Biomass LHV +10% -0.83% -3.07% 

EN
V

. 
IM

PA
C

T PV life-cycle CO2 emissions +10% -0.13% +0.12% 
Wind life-cycle CO2 emissions +10% -0.10% +1.14% 
Biomass life-cycle CO2 emissions +10% -0.06% -1.31% 
Grid life-cycle CO2 emissions +10% -0.06% -2.13% 

The results show that the technology with higher impact on the results is wind power. Increases in wind 1 
turbine cost lead to increases in both cost and environmental impact and efficiency improvements also have 2 
significant cost and environmental impact reductions. It is also noteworthy to mention that efficiency 3 
improvements lead to both cost and environmental impact reductions, aside from PV efficiency 4 
improvements that only have the positive outcome of cost reduction but with environmental impact increase. 5 
That is due to the higher environmental impact of this RE source compared with wind power which share is 6 
reduced under the assumption of PV efficiency increases. 7 

Regarding RE environmental impact variations, it can be observed that increases in these variables lead to 8 
lower costs because the share of electricity grid, which is the energy source with lower cost but higher 9 
environmental impact. However, when looking at how environmental impact increases affect system global 10 
environmental impact, it is observed that increases in PV and wind power lead to system increases whereas 11 
with biomass and grid power the global environmental impact is reduced. This could be expected because 12 
the formers are the two energy sources with less impact, so increases in their impact lead to global system 13 
impact increases; while the latter are the two sources with higher impact so the system can shift to less 14 
harmful energy sources when their impact is increased. 15 

Regarding cost variations, the sensitivity analysis show that increases in all energy sources’ costs lead to 16 
higher system life-cycle costs, without exceptions. However, the outcomes in terms of system environmental 17 
impact show different behavior. On the one hand, when PV, biomass capital investment and forest biomass 18 
fuel costs increase, the entire system EI decrease, as a result of wind power share increase, which is the most 19 
harmless of the RE sources. On the other hand, wind power cost increases lead to system EI increases as 20 
there is no alternative with less life-cycle CO2 emissions. 21 

Regarding financial variables, the greatest impacts are observed with the interest rate, which dramatically 22 
changes the life-cycle cost as an increase makes capital investments more profitable, which is the most 23 
important weakness of RE-based electricity generation systems. Electricity price has also a remarkable 24 
impact on system outcomes, increasing life-cycle costs as well as reducing life-cycle environmental impact. 25 
This is because as the cost of electricity from the grid increases, it is more profitable to install renewable 26 
energy systems with less environmental impact. 27 

 28 

V. CONCLUSIONS 29 

The work presented in this paper proposes an optimization of a grid-connected PV-wind-biomass HRES 30 
methodology based on economic and environmental criteria, in a so-called multi-objective optimization 31 
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based on the use of genetic algorithm. This methodology, instead of providing a single optimum result, which, 1 
on the other hand, does not exist because of the contradicting criteria chosen, provides a set of optimum 2 
results. The results are plotted in a Pareto front, a useful tool for decision-makers because it shows the trade-3 
off between the contradicting criteria. 4 

The proposed HRES layout combines the advantages of using the low-carbon energy sources PV, wind 5 
and biomass with the reliability of supply of grid. The system is thought to prioritize RE sources over grid 6 
supply. In particular, it prioritizes solar PV and wind power over biomass which, in turn, is used when the 7 
formers cannot match the existent demand. Only when the three sources of energy are not able to supply the 8 
load, electricity is purchased from the grid. 9 

The results show that the system with a lower cost is the one with higher CO2 emissions whereas the most 10 
expensive layout is the one that would have less environmental impact. This explains why, at present time, 11 
RE are not the preferred alternative for massive electricity generation. However, the results also show that 12 
relatively small investment increases could have a big impact on CO2 emissions reduction, especially in the 13 
lower range of cost. Taking as a reference the solution with higher environmental impact and minimum cost, 14 
it is shown that a slight increase in investment in the magnitude of 5%, leads important savings in emissions, 15 
close to 50% reduction. On the contrary, after reaching this 50% of emissions savings, further emission 16 
reductions require increasing amounts of investment, thus being less attractive. 17 

From the sensitivity analysis performed, it has been proven that wind power is the RE source with higher 18 
impact on the system, as it is the cheapest of the RE sources and the energy source with less environmental 19 
impact. Cost reductions or performance increases from this source would lead also to positive outcomes for 20 
the system. It has also been observed that interest rate increases has significant positive outcomes in both 21 
life-cycle cost and life-cycle environmental impact. Hence, considering that interest rate expresses the rate 22 
of return on the analyzed investment, it seems that improving this financial issue in HRES seems to be an 23 
interesting measure to encourage RE implementation. 24 
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