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Abstract: The expansion of collective self-consumption is set to be a fundamental pillar for the devel-
opment of energy-positive communities. In Spain, the regulation establishes an allocation scheme
of self-consumed and surplus energy among the participants, based on distribution coefficients.
This implies that the members of the self-consumption community must decide (or otherwise are
assigned by default, according to the criteria established in the regulation) the distribution coefficients
assigned to each of the consumers for the allocation of the distribution of the energy generated by the
self-consumption system, as well as for the allocation of the surpluses. In this paper, the behavior
of several algorithms based on heuristic techniques will be analyzed, with the aim of achieving an
adequate economic optimization focused on obtaining the distribution coefficients that maximize the
net present value (NPV) of the collective installation (according to the annual savings from the imple-
mentation of the self-consumption facility, compared to conventional consumption). The modeling
of the problem is performed under fully realistic conditions, considering hourly consumption data,
electricity prices for domestic consumers and irradiation and photovoltaic production. The results
obtained show a clear improvement in the economic performance of the plant by optimizing the
distribution coefficients, compared to the standard approach corresponding to the default coefficients
established in the regulatory framework.

Keywords: collective self-consumption; distribution coefficients; energy community; energy transition;
residential buildings

1. Introduction

Collective self-consumption is one of the first steps currently being implemented
in various markets towards the creation of energy communities. This is an innovative
response, particularly in densely populated urban environments, where users do not have
the possibility of installing individual self-consumption systems.

Collective self-consumption in an urban environment implies the establishment of
shared energy systems, where the generation, storage and distribution of renewable energy
is shared among multiple households or even small and medium-sized enterprises. This
approach, beyond its technical implications, translates into an alternative that promotes
energy autonomy and simultaneously strengthens community ties by giving inhabitants
the ability to exercise direct control over their energy supply.

Collective self-consumption is currently a fast-growing phenomenon. In the last
decade, the production costs of photovoltaic generation technologies have experienced very
competitive affordability ratios. This fact, together with recent favorable self-consumption
policies, has led to the good profitability of domestic photovoltaic self-consumption. How-
ever, the distribution of energy generated for collective self-consumption in many cases is
not the most appropriate, implying a loss of economic performance of the installation.

At the European level, there is a strong political and regulatory drive for the develop-
ment of renewable energy sources. This is driven by the reduction in emissions and savings
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in community energy consumption set by the so-called Clean Energy for all Europeans
package, with the aim of meeting the commitments made in the framework of the Paris
Agreement. Following this roadmap, the energy system will have to undergo a considerable
evolution of decarbonization in order to achieve the proposed sustainability targets. In the
past, decisions on new sustainability policies were in the hands of each national regulation,
but the approval of the new European Renewable Energy Directive (REDII) [1] seeks to
provide the necessary regulatory impetus for European Union member states to jointly
establish the basis for achieving these sustainability goals.

One of these corresponds to the implementation of collective self-consumption, as it
establishes the basis for the development of energy-positive communities while helping
to reduce the energy dependence of countries with scarce conventional resources or im-
ports from third parties. The REDII establishes the basic definitions and requirements for
collective self-consumption and energy communities, but each member state incorporates
them into its national regulations in different ways. This generates significant differences
in aspects such as participants and stakeholders, administrative procedures, technical
requirements and energy distribution. In addition, economic issues related to the incentives
offered may also vary between countries.

Several differences are presented by the various (European Union) EU member coun-
tries. Various elements can be highlighted, such as the proximity requirements necessary
for connection to the shared generation facility in question. In Germany, for example, the
installation must be located in the building itself or at a very close distance; however, in
France, a radial extension of 2 km is allowed, which is extendable up to 20 km in rural
areas [2,3]. On the other hand, the permitted installed power also differs considerably,
resulting in, in the case of Slovenia, the maximum being equivalent to 80% of the sum
of the capacities of the consumption rated power, compared to the 100 kW maximum
allowed in Germany or up to 1 MW in Greece [2]. However, it is worth mentioning that
several studies show that the rated power of the implemented energy communities in
Greece is significantly below the maximum limit, as a consequence, among other factors,
of social acceptance [4,5]. Nonetheless, this situation changes depending on the country.
For example, in the case of Spain, for self-consumption projects, it is not necessary to ask
for administrative permission regarding the installed capacity before the installation, with
only the posterior notification of the technical characteristics being necessary (as long as the
maximum power limit established in the Spanish regulation of 100 kW for self-consumption
installations is complied with).

Likewise, the distribution of energy from generation facilities is another important
aspect to consider. In France, the use of distribution coefficients is allowed, according to
the renewable energy community choice [2,3], with a very similar situation occurring in
Portugal, whose coefficients cannot be modified in a period of no less than 12 months,
while in certain countries, such as Luxembourg, unless they are not established by the
energy community itself, the allocation will be carried out by the system operator [2]. In
addition, another factor to highlight is the present remuneration regimes for surplus energy
generated, resulting in a single alternative in countries such as Belgium (net-metering) or
Portugal (remuneration of surpluses at 90% of the market price) or multiple alternatives
available (feed-in-tariffs, premium tariffs, tax reductions) in countries such as France and
Italy [6].

This disparity is indicative of the lack of maturity of the performance criteria to be
followed to achieve the full deployment of renewable energy communities. Specifically, this
paper focuses on the analysis of the distribution of generated energy under the regulatory
framework of collective self-consumption in Spain through Royal Decree (RD) 244/2019 [7]
and the optimization of the distribution criteria. The objective of this study is to analyze
the performance of collective self-consumption. Several optimization techniques will
be used to maximize the profitability of the shared installation, focusing on the energy
yield. The coefficients of self-consumed energy and individualized surplus will be used as
optimization variables.



Sustainability 2024, 16, 2741 3 of 19

A schematic example of the procedure for sharing the energy within the energy
community members is provided in the following lines. Figure 1 shows the installation
taken as an example with two consumers. Table 1 shows the main characteristics in terms
of generation and consumption of the two customers taken in this example, assuming that
half of the energy is produced (sharing coefficient equal to 0.5 for both consumers). As
can be seen, the energy produced by the photovoltaic panels is 400 kWh per month, of
which 200 kWh are allocated to each customer. However, due to the different consumption
profiles of each client, the self-consumed energy allocated to both consumers are finally
150 kWh and 120 kWh. These differences in the energy allocated to each consumer have
an influence on the energy bill, as shown in Table 2. This is because there are hours in
which the consumption of the consumers is lower than the energy produced assigned to
that consumer, so the difference is considered as surplus and cannot be used by the other
members of the community. This leads to the objective of this work, which aims to optimize
the distribution coefficients to optimize the overall self-consumed energy for all consumers
and, therefore, the overall economic performance of the installation.
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Figure 1. Schematic representation of the example self-consumption system.

Table 1. Distribution of the energy generated, consumed, surplus and self-consumed in the example
considered.

Self-Consumption Installation kWh EUR/MWh

Monthly generation 400

Surplus price 130

Market price 150

βi: Distribution coefficient



Sustainability 2024, 16, 2741 4 of 19

Table 1. Cont.

Self-Consumption Installation kWh EUR/MWh

Self-consumer 1 (β1 = 0.5)

Monthly consumption 350

Individual generation 200

Self-consumption 150

Grid-consumption 200

Surplus 50

Self-consumer 2 (β2 = 0.5)

Monthly consumption 280

Individual generation 200

Self-consumption 120

Grid-consumption 160

Surplus 80

Table 2. Energy billing results for the two consumers in the example under consideration.

Consumer 1 Consumer 2

Contracted Power kW EUR/kW/year EUR/month kW EUR/kW/year EUR/month

Access charges and fees

PEAK 5 26.164043 10.90 EUR 5 26.164043 10.90 EUR

VALLEY 5 1.143132 0.48 EUR 5 1.143132 0.48 EUR

Marketing margin 5 3.113 1.30 EUR 5 3.113 1.30 EUR

Total fixed term 12.68 EUR 12.68 EUR

Consumed Energy kWh EUR/kW EUR/month kWh EUR/kW EUR/month

Access charges and fees

PEAK 30 0.074409 2.23 EUR 20 0.074409 1.49 EUR

FLAT 50 0.02847 1.42 EUR 40 0.02847 1.14 EUR

VALLEY 120 0.003034 0.36 EUR 100 0.003034 0.30 EUR

Energy cost 200 0.15 30.00 EUR 160 0.15 24.00 EUR

PV surplus compensation 50 −0.13 −6.50 EUR 80 −0.13 −10.40 EUR

Total variable term 23.50 EUR 13.60 EUR

Subtotal 36.18 EUR 26.28 EUR

Electricity tax (0.5%) 0.18 EUR 0.13 EUR

Meter rental (per month) 0.81 EUR 0.81 EUR

Subtotal 37.17 EUR 27.22 EUR

Value added tax (5%) 1.86 EUR 1.36 EUR

Total Invoice Cost 39.02 EUR 28.58 EUR

The following is a brief summary of some of the most relevant previous works that
analyze the behavior of self-consumption models, taking into consideration the regula-
tory framework. Canova et al. (2022) analyzed the establishment of a renewable energy
community formed by end-users living in the same residential building in Italy, using two
different scenarios [8]. The first scenario used only a photovoltaic (PV) system to supply
the aggregate electricity demand of the apartments, while the second scenario integrated a
heat pump to supply and also electrify the heating demand of the building. D’Adamo et al.
(2022) analyzed the economic profitability of self-consumption PV systems for domestic and
commercial consumers, using net present value and break-even analysis [9]. The results
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showed that the economic profitability depended on the percentage of self-consumed en-
ergy and the available policy tools. The study also provided policy recommendations and
benefit-sharing scenarios, to encourage the development of renewable self-generation. Or-
doñez et al. (2022) focused on improving the regulation of photovoltaic self-consumption
and remuneration of surplus energy in Ecuador, based on the Spanish experience [10].
Economic analyses were carried out and recommendations were proposed, such as pro-
gressive tax reductions, the simplification of permits and the introduction of collective
self-consumption. Montero et al. (2022) proposed the installation of self-consumption
photovoltaic systems in hospitals in southwestern Europe, covering a significant part of
their annual electricity demand and reducing CO2 emissions [11]. Roberts et al. (2022)
analyzed the different tariffs available in Australia, with the aim of achieving an equitable,
efficient and fair distribution of the costs and benefits associated with self-consumption
in integrated networks [12]. Minuto and Lanzini (2022) analyzed the performance of an
energy community with 100 dwellings with a shared 100 kWp PV system [13]. The work
explored six different scenarios and different categories of consumers according to their
consumption profile; the results of the study confirmed what was expected. This is because,
when the gains were distributed evenly, the customers with a low consumption profile and
no synchronization with sunshine hours benefitted the most.

Li and Okur (2023) [14] analyzed how different investment options, in combination
with cost sharing approaches, affected energy communities. The test cases proposed in this
research study explored two investment options, either through a third party or through
investment by the community members themselves, and examined three modalities of cost
sharing.

Regarding studies that analyze the profitability of self-consumption under the es-
tablished regulatory framework established in RD 244/2019, one of the first studies was
presented by López and Steininger (2020), who examined the economic viability of domestic
and industrial consumers using individual self-consumption, considering the regulations
in force [15]. Following a similar line of research, Roldán et al. (2021) presented an analysis
of a single average dwelling, concluding that the economic return obtained would imply
an economic saving, compared to a conventional consumer [16]. Similarly, Gallego et al.
(2021) identified the significance of dimensioning the facility in terms of techno-economic
efficiency and household consumption needs, also considering the current regulations on
self-consumption in Spain [17]. The work concluded with the importance of also includ-
ing the effect of climate conditions in the regulatory scheme, in order to harmonize the
economic profitability of self-consumption projects throughout the national territory.

It should be noted that, following the literature review, according to the authors’
knowledge, the existing previous works were focused on the techno-economic analysis
of individual self-consumption, and none of them focused on the optimization of eco-
nomic performance through the selection of the distribution coefficients of a collective
self-consumption system, according to the current regulations in Spain.

It should also be noted that, although this study focuses on a case study in Spain, the
analyses performed can also be easily applied to other global regulatory frameworks (as in
the case of Portugal and France [18,19]) that are also based on sharing coefficients for the
distribution of self-consumption energy among the members of the community.

After this brief introduction, the rest of the paper is structured as follows. Section 2
describes the starting assumptions, including the models used in the analysis of PV pro-
duction, consumption profiles, and the origin of the data considered for the energy billing
calculation. Section 3 introduces the optimization framework to obtain the allocation coeffi-
cients. Section 4 shows the results obtained in the case study and, finally, Section 5 presents
the conclusions of the work.

2. Problem Modelling

This section outlines the simulation models used to assess the techno-economic behav-
ior of the analyzed collective self-consumption system.



Sustainability 2024, 16, 2741 6 of 19

Figure 2 shows, schematically, the main steps involved in the optimization approach
proposed in this work. The main objective is the maximization of the economic performance
of the self-consumption community as a whole; for this purpose, it is necessary to feed the
economic performance evaluation module with the results of other additional calculation
routines in order to obtain the following information: (i) hourly data of energy production
by the photovoltaic system (for which it is necessary to record input data, including
irradiance, temperature and the technical characteristics of the PV panels), (ii) hourly
consumption data of each of the members of the self-consumption community (taking into
consideration the characteristics of each of the members of the community) and (iii) hourly
prices for the purchase and sale of energy for domestic consumers (in this work, we used
the existing regulated tariff in Spain, according to which the prices of household consumers
vary hourly through indexation, with respect to the spot market).
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Figure 2. Overview of the proposed optimization approach.

The following lines briefly introduce the modeling of each of the auxiliary routines
that will feed the economic calculation module. Likewise, the procedure for calculating
the default sharing coefficients currently in force in the Spanish regulations (i.e., the non-
optimized approach for sharing self-consumption energy) are also briefly described. Finally,
the procedure for the economic evaluation of the potential solutions obtained by the
optimization algorithms (i.e., the objective function) is introduced in Section 3.

2.1. Photovoltaic Panels Production Model

The hourly energy generated by the PV panels, EPV h, is calculated as follows [20]:

EGen h = (1 − PVlosses) · Pr · (Girr h/1000) · (1 − γ(Th − 25)) (1)

where PVlosses is the losses coefficient (according to typical values in PV systems, typically
due to dirt and commutation losses), Pr is the rated power, γ is the temperature coefficient
of the modules, Girr h is the hourly irradiance on a fixed plane and Th is the temperature of
the cells, which is obtained as follows:

Th = Taa h + (Girr h/800) · (TNOC − 20) (2)

where Taa h is the hourly ambient air temperature, while TNOC is the rated operating
temperature of the cells.

2.2. Household Energy Community Features

In this work, a collective self-consumption installation was considered in a residential
building located in the city of Seville (37◦21′57′′ N 5◦58′59′′ W). The building consists of a
total of 20 apartments with a contracted power in the range of 2.6–7.0 kW and an installed
power between 5.75 and 9.2 kW. Figure 3 shows the technical specifications associated with
each consumer.
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The hourly consumption profiles of each house were determined using the LoadProfi-
leGenerator 10.9.0 software [21]. Therefore, synthetic load profile data for each consumer
were used.

2.3. Household Energy Billing Calculation

This study considers that, for the purchase of energy, domestic consumers are covered
by the current regulated tariff in Spain. On the other hand, for consumers covered by the
regulated tariff, the surplus energy produced by the photovoltaic panels is remunerated at
the spot market price minus balancing costs.

In this work, a full year (8760 h) of study was taken into account, considering the
average hourly prices corresponding to the period 2015–2019. All the data necessary to
determine the hourly prices of energy purchase by the household consumers, as well as
those corresponding to the sale prices of the surpluses, were obtained from the information
system of the Spanish system operator [22].

2.4. Regulatory Established Default Coefficients

The Spanish regulation proposes a proportional allocation according to the distri-
bution coefficients, xi, for the distribution of the energy generated by the photovoltaic
system in each hour h, EPV h. The sharing coefficients can be established by the agreement
of the participants of the self-consumption community (obtained in this work through
optimization) or by default by the regulations, according to the following expression:

xi =
PCi

n
∑

i=1
PCi

(3)

where PCi is the contracted power by the i-th consumer.
The individualized self-consumed hourly energy for the i-th consumer, ESC h,i, is

obtained according to the following expression:

ESC h,i =

{
xi · EGen h if xi · EGen h < ED h,i

ED h,i if xi · EPV h > ED h,i
(4)

where ED h,i is the total energy demanded by the i-th consumer during hour h.
The hourly energy consumption from the grid to be received by each customer, EGrid h,i,

is as follows:
EGrid h,i = ED h,i − ESC h,i (5)
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Analogously, the regulation also establishes, by default, a criterion for the distri-
bution of surplus energy based on fixed coefficients, depending on the rated power of
each consumer.

Nevertheless, it should be noted that, as with the distribution coefficients for the
allocation of individualized self-consumed energy, the regulation provides that these coeffi-
cients can be agreed by the members of the energy community. Therefore, the following
section proposes an optimization approach with the objective of optimally determining
the coefficients assigned to each of the consumers, both for the allocation of self-consumed
energy and for the allocation of the economic rights of surplus energy.

3. Optimization Approaches

This section discusses the formulation of the problem, as well as the different types of
meta-heuristic algorithms used for the optimization of the proposed approach.

3.1. Economic Evaluation Model

The proposed economic assessment is focused on taking into account the savings
obtained in the electricity bill after the self-consumption system was installed. For this
purpose, it was proposed to use the net present value (NPV) as an economic indicator:

NPV(x, y) = −Iinv +
LS

∑
t=1

CFt(x, y)
(1 + k)t (6)

where x is the vector of distribution coefficients of the self-consumed energy for each
consumer, similarly, y is the vector of distribution coefficients of the surplus energy, Iinv is
the initial investment in PV panels, LS is the lifetime of the installation, k is the interest rate
and CFt is the annual cash flow, calculated as follows:

CFt =
n

∑
i=1

12

∑
m=1

(BConventional
i,m − BSel f consumption

i,m )− OpExt (7)

where OpExt stands for the operation and maintenance costs, n is the number of consumers
and BConventional

i,m and BSel f consumption
i,m are, respectively, the total energy billing of each con-

sumer during month m, in the case that the consumer was conventional (i.e., does not
participate in the self-consumption system) and in the case that the consumer was part of
the collective self-consumption community.

Therefore, the optimization problem proposed in this work can be formulated as
shown in (8), as follows:

max NPV(x, y)
s.t. :

n
∑

i=1
xi = 1

n
∑

i=1
yi = 1

(8)

As can be seen, the objective is to maximize the global NPV increase after making the
investment in the shared self-consumption installation, with respect to the original situation
before the investment in which all consumers are standard. Likewise, the formulation of
the problem includes two constraints; the first one refers to the fact that the sum of the
sharing coefficients for the allocation of the self-consumed energy must be equal to one,
while similarly the second constraint imposes that the sharing coefficients of the production
surpluses must add up to one.
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3.2. Optimization Algorithms

This subsection briefly describes the optimization algorithms tested in this work,
with the objective of maximizing the overall economic performance of the collective self-
consumption installation.

It should be noted that the optimization problem tackled in this work cannot be
described completely in an analytical way, which precludes the use of classical analytical
optimization techniques. Likewise, the number of variables involved in the optimization
process is relatively large, since it is necessary to characterize the problem by means of
two variables for each member of the self-consumption community (one for the allocation
coefficients of the individualized self-consumed energy and another one for the individual
allocation of the surplus energy). Therefore, several optimization algorithms are presented
below, to evaluate their effectiveness in addressing the problem posed.

3.2.1. Genetic Algorithms (GA)

A genetic algorithm is an optimization problem-solving method, based on a process
of imitation of the natural selection present in the biological evolution of a population
(potential solutions) [23,24]. The algorithm repeatedly modifies the individuals of the
population through the generational step, incorporating the characteristics of the process
(population size, number of generations, mating selection, crossovers, mutations and elite
count), scaling at each iteration towards the optimized value of the objective function. It is
a heuristic method that allows the incorporation of constraints (inequalities and equalities)
and is suitable for nonlinear optimization problems.

Likewise, this work has also tested a genetic algorithm based on integers (GAint),
which is a branch of the GA algorithm, so the idea of the operation is very similar. However,
this is a method that only accepts integers and inequalities. The rationale of the proposal to
test the algorithm based on integers is based on the intention to reduce the search space
by limiting each of the coefficients to two decimal places (in this case, the distribution
coefficients are considered as a percentage).

For the execution of the case study proposed in this work, a population of 2400 individuals
and a maximum of 100 generations were considered as stopping criteria.

3.2.2. Simulated Annealing (SA)

The simulated annealing algorithm is a metaheuristic optimization technique widely
used for the optimization of complex engineering problems [25,26]. It is inspired by
the metallurgical annealing process, allowing the exploration of large solution spaces
characterized by multiple local optima.

Its operation emulates the gradual cooling process observed in materials, where the
energy decreases slowly over time. In this way, the simulated annealing algorithm accepts
suboptimal solutions with a certain probability in the initial stages, thus encouraging a
wider exploration of the solution space and avoiding being trapped in local optima. This
flexibility to accept suboptimal solutions in favor of discovering the global solution is
essential in the search for the global optimum.

As the algorithm progresses, the probability of accepting suboptimal solutions is
adjusted by a simulated temperature function. This function acts as a control mechanism,
regulating the probability of accepting less favorable solutions. As the temperature de-
creases, this probability also decreases, guiding the algorithm towards convergence to an
optimal or near optimal solution.

The cooling factor considered was 0.95, and the number of points before reannealing
considered was 100.

3.2.3. Particle Swarm Optimization (PSO)

The particle swarm optimization (PSO) algorithm is an optimization technique based
on the observation of the social behavior of individuals in a swarm [27,28]. The algorithm
starts with the generation of a set of particles, each representing a potential solution in
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the search space. Each particle has an associated position and velocity. These particles
move through the search space looking for the optimal solution, influenced by their past
experience and the best global position found by the swarm. At each iteration, the velocity
and position of each particle are updated by combining its best past position, the best global
position of the swarm and a random exploration component. As the particles advance
in the search space, the swarm tends to converge to the optimal solution. The ability of
PSO to efficiently explore and exploit the search space makes it effective for optimization
problems, especially those characterized by multiple optima and complex dimensions.

The population size considered was 2400 individuals. The values of the cognitive and
social parameters of the PSO algorithm were set to 2.6 and 2.3, respectively.

3.2.4. Multiple Local Searches Based on Interior-Point Method (Multi-Start)

The multiple local searches based on interior-point method consists of a tool that
allows us to find multiple local solutions indicated by the user on an optimization problem
through a defined algorithm of choice. When executed, it allows us to initialize the
sequence through the previously configured starting points. This is particularly practical
when combined with a local search method, such as the interior-point method [29]. The
search process, considering a minimization problem, is shown schematically in Figure 4
(left). The dots represent the different solutions attempted by the algorithm during the
search and the arrows show the search direction.

Specifically for this study, 1000 optimization routines were performed, whose respec-
tive starting points (self-consumed and surplus energy distribution coefficients) adopted
random values within the range allowed by the established constraints of the problem.
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3.2.5. Pattern Search (PSearch)

The principle of the pattern search algorithm resides in the direct search method, with-
out the need for the objective function granularity that is usual in traditional optimization
methods, since a set of points around an initial point is explored through a sequentially
computed pattern, searching for the point that implies a closer approximation to the ob-
jective function on the established grid and, thus resulting, in the starting point for the
next step of the algorithm [30]. The search process of this algorithm is shown schematically
in Figure 4 (right), although please note that, in this case, some intermediate steps (in
particular, the movements from the center of the pattern to the edges in the next iteration)
have been eliminated for clarity of representation. For the execution of the test case under
study, the local pattern search algorithm ran 100 iterations. The initial mesh size of this
pattern search routine (in the first iteration) was set to one and it was doubled or halved,
respectively, in each iteration, depending on whether the objective function improved or
not in the subsequent iteration.
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4. Results

As mentioned above, the study focused on a residential building with 20 apartments
located in Seville, considering a time series of irradiance, energy prices and consumption
profiles for a full year (8760 h). These time series are provided in [31]. The time series
defined the standard year, which was the basis for the calculation of the long-term economic
performance of the facility, by calculating the NPV. In this case study, a photovoltaic system
installed on the rooftop of the building with a rated power of 35 kW was considered.

Table 3 shows the average values derived from the main time series of interest for the
development of this work. The remaining techno-economic data used in the analysis are
shown in Table 4. The data corresponding to project lifetime and interest rate were taken
according to the typical values of photovoltaic installations for self-consumption, while
the data referring to initial investment and annual operating cost were considered, taking
as reference the International Renewable Energy Agency publication [32] and the annual
degradation corresponding to the values documented in the bibliography [33,34].

Table 3. Main average data of the considered time series.

Average hourly irradiance (W/m2) 263.85

Average hourly temperature (◦C) 17.14

Average hourly demand per consumer (kWh) 0.3646

Average electricity purchase price (EUR/MWh) 115.41

Average energy surplus price (EUR/MWh) 51.50

Table 4. Main techno-economic data considered in the test cases.

Project lifetime (years) 25

Interest rate (%) 4

PV system initial investment (EUR/kW) 908.92

Annual operating cost (EUR/kW/year) 15

Annual degradation of PV panels (%) 0.5

Table 5 shows the improvement to the default approach established in the regulation,
according to Equations (3)–(5) in terms of NPV, using the different algorithms proposed
(please note that the results shown correspond to the best solution after 10 independent
runs of each algorithm; the reason for running each algorithm several times lies in the
stochastic nature of the metaheuristic algorithms, which do not always provide the same
solution, although they do provide a sufficiently good solution close to the global optimum).
In addition, the increment associated with the ideal approach is presented, according to
whether the set of consumers that constitute the self-consumption community behave in
the same way as if they were a single consumer, so that the distribution is optimal and all
the self-consumed energy is distributed among the members of the community.

Table 5. Comparison of results between the different algorithms/approaches considered.

Algorithm NPV (EUR)

GA 52,499.35

Multi-start 52,499.35

GAint 50,811.97

Pattern Search 52,438.82

Particle Swarm Optimization 52,332.54

Simulated Annealing 51,772.40

Ideal 60,776.03
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As can be seen, the results obtained through all the optimization algorithms analyzed
outperformed the default approach established in the current regulations (whose NPV
value is 50,340.92 EUR), although the results obtained through all of them were far (13%
below) the maximum established by the ideal approach. This is due to the fact that
the current regulatory framework does not allow an optimal distribution through static
coefficients, so that part of the energy produced by the photovoltaic panels is not allocated
as self-consumed within the community, but as surplus (and therefore remunerated at a
lower price than the purchase price). Regarding the behavior of the different algorithms
analyzed, it is necessary to highlight that the multi-start approach was the one that achieved
the best results, although the GA achieved a very similar optimal result. On the contrary,
the pattern search and particle swarm optimization achieved a slightly lower result, while
simulated annealing and, in particular, GAint, remained far from the optimal solution
obtained by the other algorithms.

Since the meta-heuristic algorithms were based on testing a set of solutions, one issue
to take into consideration is the execution time. In this sense, Table 6 shows the execution
times of each of the algorithms tested in this work for the case under study. The models
and algorithms were implemented in Matlab R2022b. All test cases were run on a PC Intel
Xeon CPU E5-2630 v4 2.20 GHz with 32 GB RAM and 10 cores under Windows 10. As can
be seen, the multi-start approach was the one that required the shortest average execution time
to achieve the optimal solution (being also the one that provides the best solution), while the
genetic algorithm was by far the approach that required the longest execution time.

Table 6. Average running time of tested algorithms.

Algorithm Average Running Time (s)

GA 4558

Multi-start 776

GAint 841

Pattern Search 1215

Particle Swarm Optimization 633

Simulated Annealing 1891

Figure 5 shows the electricity bill of each of the consumers participating in the self-
consumption community under the following assumptions: (i) taking into consideration the
default sharing coefficients established in the current regulatory framework, (ii) optimized
coefficients (obtained through the multi-start approach, since it was the one that provided
the best results) and (iii) under the original assumption before the installation of the self-
consumption system. As can be seen, the installation of the PV panels resulted in noticeable
savings for all consumers, under both the default and the optimized approaches. When
comparing the results of the optimized approach with the default approach, it can be
seen that most of the consumers obtained a reduction in their electricity bill. Among the
consumers who saw their bill reduced by the optimized approach, it is worth highlighting
consumer 4 (the one with the highest consumption in the original situation) who saw
their bill reduced by 30%, with respect to the default approach, while most of the remaining
consumers obtained savings, albeit in smaller amounts. However, it should also be noted
that some consumers saw their electricity bill increase in the case of the optimized approach,
compared to the default approach. This is due to the fact that the objective of this work was to
maximize the overall economic profit of the whole; therefore, certain consumers may have seen
their savings increase, to the detriment of others, in the search for the overall optimum.
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Figure 5. Annual electricity bill per consumer considering default coefficients (yellow), optimized
coefficients (green) and original situation without self-consumption.

In global terms, the optimized approach represented an annual energy billing for all
the members of the community of 7219 EUR, compared to 7364 EUR corresponding to the
default coefficients established in the regulations (compared to 12,662 EUR without the
installation of self-consumption). This saving, although moderate, is of great interest for the
investors, as it allows for the optimization of the economic performance of the installation,
with only a previous study and at no additional economic cost. On the other hand, it is to
be expected that, with the regulatory developments currently under development, which
are based on hourly coefficients (i.e., fixed distribution coefficients for each customer but
dependent on the time of day), optimized approaches such as the one proposed in this work
will have even more room for improvement, since they will allow an optimal distribution
among each customer according to consumption patterns depending on the time of day.

Figures 6 and 7 show the allocation coefficients for each of the consumers using the
default approach and the optimized approach by each of the tested algorithms for the
individual allocation of self-consumed energy and surplus, respectively (please note that,
for the sake of clarity, the coefficients represented in Figures 6 and 7 are provided in table
format in Appendix A).

It is clear that there was an appreciable dispersion between the coefficients obtained
by each of the optimization algorithms tested. This was due to the premature convergence
of some of the algorithms (mainly GAint, PS, PSO and SA), by which these optimization
methods were not effective in obtaining a sufficiently good solution close to the global
optimum for the proposed problem. It is worth noting the high coincidence between the
solutions obtained by the GA and multi-start algorithms, being also the two approaches
that provided the best results.

Comparing the results obtained by the algorithms that provided the best results (GA
and multi-start) with the default coefficients (calculated according to Section 2.4), it can
be seen that the default approach tended to allocate more uniform self-consumed energy
coefficients among all members of the community, while the optimized approach assigned
more particularized coefficients to the load profile of each of the consumers, with the
objective of optimizing the social benefit of the community. In a completely analogous
way, it can be observed that, in the case of the allocation of surplus energy, the optimized
coefficients tended to assign a higher value to those consumers with a higher annual energy
consumption, also with the objective of maximizing the savings of the community.
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Additionally, a sensitivity analysis was proposed for the rated power of the PV system
to be installed in the collective self-consumption community. In this way, all the data
considered in the base case remained unchanged, except for the total rated power of the
PV array, which varied in the analysis within the range of 10–50 kW, with intervals of
5 kW. For this analysis only, the results obtained using the approaches corresponding to
the default regulatory framework, the ideal approach (where the whole community is
considered as a single consumer) and the optimized approach, obtained by the multi-start
strategy, were compared (since, as shown above, it was the approach that provided the best
results). Figure 8 shows the results obtained in this sensitivity analysis. The yellow bars
correspond to the default approach, the green bars to the optimized approach and the blue
bars to the ideal approach. As expected, in all cases the optimized approach improved on
the default approach, although the default approach was always inferior to the optimized
approach. It is also interesting to note that as the rated power of the PV system increased,
there was a smaller and smaller increase in the economic performance associated with
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the self-consumption installation project (this aspect was especially noticeable in the ideal
approach). This was because the higher the rated power of the PV system, the higher the
surplus and the lower the proportional use of the self-generated energy assigned within
the self-consumption community was. Likewise, this was also due to the inclusion, in the
economic modelling, of the problem of the restriction existing in the current regulations,
whereby, during a complete billing period (i.e., one month), it was not possible for the income
derived from the surpluses to be greater than the cost of purchasing the energy consumed. In
other words, the electricity bill could not be negative, which made it unprofitable to continue
increasing the number of panels above a certain PV system power.
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Figure 8. Sensitivity analysis to PV rated power.

Finally, the analysis of alternative price scenarios for the cost of electricity for con-
sumers was proposed, since the profitability of a photovoltaic self-consumption installation
is highly linked to the evolution of the cost of energy acquisition and sale of surpluses.
This cost is highly variable, as it is linked to externalities such as the geopolitical situation,
raw material prices or the degree of renewable penetration in a given system. Therefore,
the analysis of three scenarios was proposed: (i) the base scenario, consisting of the actual
average hourly prices, calculated as explained in Section 2.3, (ii) the scenario of increased
electricity pressure, considering a 3% annual increase over the prices considered in the base
case and (iii) the scenario of price decrease, considering a 3% annual reduction over the
prices of the base case.

Figure 9 shows the results obtained from the sensitivity analysis to energy price varia-
tion. As can be seen, the multi-start (MS) and GA algorithms showed the best performance
for all the cases analyzed (with a slight improvement by the MS in certain cases). Fur-
thermore, the high influence of the evolution of electricity prices on the profitability of
the collective self-consumption project can also be seen, with a reduction of almost half
the NPV value for the scenario of depreciation of electricity prices. In a more detailed
analysis of this scenario, it is possible to conclude that the effect of loss of profitability was
smaller with a lower installed power, which was due to the fact that, for reduced power,
most of the energy generated by the photovoltaic panels was allocated to the members
of the community, thus minimizing the surplus energy fed into the grid. On the contrary,
when the power increased, the energy surpluses increased and, since they had a reduced
sale value, the profitability of the installation was considerably reduced, compared to the
base scenario. Additionally, it can be observed that, in the price increase scenario, there
was an increase in profitability as a consequence of the greater economic savings due to
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self-consumed energy, as well as an increase in profits from the sale of surpluses at higher
prices than in the case of the base scenario.
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5. Conclusions

This work presented and analyzed several approaches to optimize the distribution
coefficients for the allocation of self-consumed energy and energy surpluses, according
to the regulations currently in force in Spain, established in RD 244/2019. Likewise, the
results obtained were compared with the default allocation approach established in the
regulations, as well as compared to a hypothetical ideal approach, consisting of considering
the entire collective self-consumption community as a single consumer, which would allow
the maximum economic use of the investment in the self-consumption project.

The main objective of the work was to compare the performances of different opti-
mization algorithms, in order to obtain the distribution coefficients that optimized the
economic performance of the project. The results obtained from the comparison between
different optimization strategies showed that the multi-start approach, combined with the



Sustainability 2024, 16, 2741 17 of 19

interior point optimization method, allowed the obtaining of the best results at a very low
computational cost (especially in comparison with the computational cost associated with
the execution of the genetic algorithm).

The results obtained also revealed that, although the optimized approach allowed
for an overall improvement, through an allocation of the default sharing coefficients, they
were still significantly below the maximum economic performance that would be provided
by the ideal approach, in which all members would behave as a single consumer and in
which the sharing of the energy generated by the PV panels would be maximized within
the self-consumption community. In this sense, the sensitivity analysis versus the installed
power of the PV system showed that the optimized approach allowed for the obtaining of
results closer to the ideal, when the power of the system was higher.

On the other hand, it is also interesting to note that the analysis of the results obtained
on the distribution of the benefits provided individually to each of the consumers in the
optimized solutions led to certain consumers benefiting more, to the detriment of others.
This opens the possibility of undertaking new future studies to determine the balance
between the investment contributed by each of the participants in the community and the
individual level of energy allocation.

Due to the above, the results obtained in this work may be of interest to other re-
searchers, policy makers and stakeholders interested in the analysis of regulatory frame-
works for collective self-consumption, as well as in the field of determining the responsibilities
and retributions corresponding to each of the members of self-consumption communities.
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Nomenclature

CFt annual cash flow
EU European Union
ED h,i total energy demanded by the i-th consumer during hour h
EGrid h,i hourly energy consumption from the grid to be received by each customer
ESC h,i individualized self-consumed hourly energy for the i-th consumer
GA genetic algorithm
Iinv initial investment in PV panels
k interest rate
kWh kilowatt-hour
kWp kilowatt peak
LS lifetime of the installation
MW megawatt
NPV net present value
OpExt operation and maintenance costs
PCi contracted power by the i-th consumer
PSO particle swarm optimization algorithm
PV photovoltaic panel
PVlosses losses coefficient
Pr rated power of the PV installation
RD Royal Decree (Spanish legal rule)
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REDII second edition of the European Union Renewable Energy Directive
SA simulated annealing algorithm
Taa h hourly ambient air temperature
Th cells temperature
TNOC rated operating temperature of the cells
γ temperature coefficient of the modules

Appendix A

Table A1. Distribution coefficients (%) of self-consumed energy obtained by each of the proposed
algorithms.

Consumer

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Default 5.42 6.50 4.12 7.58 6.72 3.58 6.07 2.71 6.50 4.98 4.01 3.25 2.82 6.50 7.58 3.47 5.31 4.01 4.98 3.90

MS 3.74 6.32 2.94 16.67 8.24 6.79 9.42 1.08 4.96 3.63 4.20 1.01 1.02 2.33 5.74 2.60 8.30 4.81 2.71 3.47

GA 3.60 5.91 2.84 16.47 8.05 6.69 9.30 2.00 4.71 3.36 4.10 2.00 2.00 2.17 5.55 2.49 8.11 4.69 2.56 3.41

GAint 1.02 2.39 2.15 14.19 7.37 6.45 6.95 1.16 7.95 0.59 6.30 3.39 1.13 9.17 7.09 5.84 7.14 2.13 4.33 3.29

Psearch 3.79 6.36 2.97 16.64 8.19 6.78 9.17 1.09 4.98 3.74 4.20 1.01 1.04 2.33 5.92 2.63 8.28 4.81 2.68 3.47

PSO 2.33 4.94 3.07 16.85 9.20 6.93 7.72 2.26 3.40 3.54 5.01 2.16 2.50 2.33 5.89 3.78 8.42 4.25 2.77 2.60

SA 2.77 4.81 3.44 13.38 4.97 5.43 11.17 3.45 5.18 2.29 3.68 2.32 2.20 3.04 5.32 2.75 8.73 4.14 5.46 5.47

Table A2. Surplus energy distribution coefficients (%) obtained by each of the proposed algorithms.

Consumer

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

A
lg

or
it

hm

Default 4.24 6.78 4.24 6.78 6.78 4.24 4.24 4.24 6.78 4.24 4.24 4.24 4.24 6.78 6.78 4.24 4.24 4.24 4.24 4.24

MS 1.48 12.89 12.78 15.28 8.76 0.61 0.52 0.62 15.67 6.11 0.59 7.46 1.17 0.77 0.65 0.69 1.11 9.78 2.22 0.83

GA 5.57 5.40 5.49 5.44 5.48 2.25 5.46 2.57 5.46 5.46 5.40 5.41 5.43 5.34 5.48 5.43 5.35 5.19 5.52 2.84

GAint 12.73 4.52 13.50 1.21 0.26 4.56 8.48 4.86 3.36 4.16 7.57 2.98 5.22 9.73 1.84 0.79 1.72 5.79 5.17 1.56

Psearch 14.99 2.55 1.81 1.35 1.58 4.47 0.67 2.77 31.46 1.33 0.59 4.80 4.46 0.60 4.52 0.67 3.68 2.83 14.40 0.56

PSO 4.46 14.19 5.11 2.23 3.96 3.19 5.93 2.24 2.43 10.49 3.52 2.72 4.90 2.28 12.28 6.12 2.29 4.79 3.75 2.82

SA 3.47 12.92 8.61 11.12 10.05 3.05 2.21 2.07 16.45 3.09 2.01 4.06 2.35 2.96 2.38 2.65 2.09 2.80 2.66 3.00
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