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REC formation formalized as a diameter-
constrained NP-hard partitioning prob-
lem under European proximity rules.
Hybrid PSO with feasibility repair and
memetic refinement minimizes annual
imbalance across bounded communities.
Quadratic imbalance minimiza-
tion proven to tighten the annual
self-consumption upper bound.

86-93% reduction in imbalance over
random and geographic baselines; 7-9%
over greedy search (Wilcoxon p <
0.004).
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GRAPHICAL ABSTRACT

Regulation-Aware Combinatorial Optimization of Energy Community Formation
Geolocated Regulatory Hybrid PSO Optimized
Households E— Diameter E— + Feasibility > Energy
(N profiles) Constraint dm., Repair Communities
OpenstreetMap EU Directive Min 5d, — NP-hard 89-95% improvement

+FlexCHESS 2018/2001 over baseline

ABSTRACT

Renewable Energy Communities (RECs) enable collective self-consumption by allowing geographically proximate
households to share locally generated renewable energy. While most existing studies optimize the operation of
a pre-defined community, the prior problem of how to partition a set of households into multiple regulation-
compliant communities remains underexplored. This paper formalizes REC formation as a pre-operational
combinatorial design problem: households are partitioned under a strict diameter-based proximity constraint
derived from European national regulatory rules. Within this feasible space, we minimize the quadratic im-
balance of yearly community energy balances, a structural proxy for self-consumption potential equivalent to
variance minimization over community balances, and prove it tightens the theoretical upper bound of annual
aggregate self-consumption. The problem is shown to be NP-hard via reduction from 3-PARTITION. A hybrid
particle swarm optimization (PSO) framework with strict feasibility repair and local memetic refinement is pro-
posed. Experiments on residential data from two urban zones of Murcia, Spain (N = 200, N = 151 households; 130
profiles from the FlexCHESS European project) under the Spanish regulatory distance cap of 2km (Real Decreto-
ley 29/2021) demonstrate 86-93% reduction in quadratic imbalance over random and geographic baselines, and
7-9% over greedy local search (Wilcoxon p < 0.004, 10 independent runs). Hourly validation on independently
generated PVGIS-calibrated profiles (annual balances derived a posteriori, eliminating reconstruction circular-
ity) reveals a strong negative correlation between annual imbalance and hourly self-consumption (p = —0.42,
p < 1075, p?> ~ 0.18), supporting the annual proxy as a useful pre-operational structural criterion. Ablation
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studies confirm robustness to PSO hyperparameters, and climate sensitivity analysis shows PSO dominance
across irradiance levels from 1000 to 1900 kWh/kWp. Beyond solution quality, the proposed framework is in-
tended as a pre-operational planning and screening tool that can assist municipalities, community organizers, and
Distribution System Operators in identifying promising community configurations before undertaking detailed
network-constrained or operational studies.

1. Introduction

Renewable Energy Communities (RECs) are a legally recognized
framework in which households, businesses, and public entities
jointly own, manage, and share renewable generation and flexi-
bility resources. In the European Union, RECs and Citizen Energy
Communities (CECs) are governed by Directive (EU) 2018/2001
(RED II) [1] and Directive (EU) 2019/944 (IEMD) [2], respectively.
A fundamental economic asymmetry motivates community participa-
tion: the electricity purchase price zP% incorporates network tariffs
and taxes, while surplus exported to the grid is remunerated at the
lower wholesale rate z%!l, with 7% /z%!l ranging from two to four in
many European markets [3,4]. Internal matching at an intermediate
settlement price 4 € [z°¢!l, zP%] is therefore Pareto-improving for all
participants, independently of subsidies.

Despite this motivation, the research literature has developed along
two separate trajectories: the first optimizes the operation of a com-
munity with fixed membership [3,5-7]; the second studies socio-
institutional dynamics of community formation [8,9]. Large-scale sen-
sitivity studies confirm that performance is highly sensitive to member-
ship characteristics—size, prosumer share, load profile diversity—and
that composition can dominate the effect of the chosen manage-
ment strategy [10,11]. Yet the formation problem—how to algorith-
mically partition a set of households into multiple locally bounded
communities—has received little attention as a constrained combina-
torial optimization problem. From a practical perspective, community
formation constitutes an early-stage planning problem that typically
precedes detailed grid studies. Municipalities, energy agencies, commu-
nity organizers, and Distribution System Operators frequently need to
identify candidate community configurations before network reinforce-
ment assessments, power-flow analyses, or operational optimization
studies can be conducted. The proposed framework addresses this plan-
ning stage by constructing geographically feasible and energetically
balanced communities using information that is generally available at
the outset of a project, namely geographic locations and annual en-
ergy balances. This gap is practically significant: national regulations
impose strict geographic eligibility rules that constrain the feasible
partition space. Multiple legally valid partitions coexist yet lead to
markedly different levels of internal matching. To the best of our
knowledge, no prior work addresses multi-community formation un-
der a strict diameter-based regulatory constraint with variable induced
cardinality K.

Contributions

1. We formalize REC formation as a diameter-constrained parti-
tioning problem with variable cardinality K and establish NP-
hardness by reduction from 3-PARTITION [12].

2. We adopt the quadratic imbalance J(C) = ), S,f, justify it against
four competing objectives, and prove it tightens the annual self-
consumption upper bound (Corollary 1).

3. We develop a hybrid PSO framework with strict feasibility repair
and local memetic refinement enforcing regulatory compliance,
treating K as an induced variable.

4. We validate on Murcia (Spain) residential data (N = 200, N =
151; FlexCHESS profiles) under the Spanish 2 km regulatory cap:
86-93% improvement over random and geographic baselines,

7-9% over greedy search (Wilcoxon p < 0.004, 10 runs), robust
across dy,,, € {0.5,1.0,2.0,5.0} km.

5. We validate the annual proxy via non-circular hourly simulation
(PVGIS-calibrated profiles with balances derived a posteriori),
and position the framework as a pre-operational screening tool
for identifying promising REC configurations prior to detailed
network and operational studies.

The paper is organized as follows. Section 2 reviews related work.
Section 3 presents the regulatory and market framework. Section 4 for-
malizes the problem. Section 5 presents the PSO framework. Section 6
provides theoretical guarantees. Section 7 presents experimental re-
sults. Section 8 gives the exact MILP benchmark. Section 9 presents
hourly validation. Section 10 discusses policy implications. Section 11
concludes.

2. Related work
2.1. Techno-economic optimization at fixed composition

The majority of quantitative work assumes a pre-defined com-
munity and optimizes its operation: collective self-consumption [3],
peer-to-peer trading [4,5], storage coordination [13,14], and cost al-
location [15,16]. Sensitivity analyses confirm that member diversity
can dominate the effect of the chosen management strategy [10,11].
This establishes that composition matters, yet configurations in these
studies are generated by enumeration rather than constrained optimiza-
tion. Synergies between demand flexibility and community membership
have been surveyed in [17], while general guidelines for prosumer
aggregation economics are discussed in [18].

2.2. Clustering and geographically constrained formation

Profile-based clustering has been used to improve profitability of
collective schemes [19,20]. Topology-constrained partitioning for mi-
crogrid islanding [21,22] addresses electrical topology, which is dis-
tinct from the regulatory geographic distance caps considered here.
[23] formulates a MINLP-based joint clustering and operation problem
under technical-spatial constraints (feeder topology, transformer capac-
ity) with a combined objective coupling membership assignment and
short-horizon dispatch (24 h scheduling with 15-min resolution). Their
approach requires detailed grid parameters (line impedances, voltage
limits) and solves instances with N < 30 households. In contrast, our
formulation uses a single regulatory parameter (d,,,,), decouples forma-
tion from dispatch, and scales to N = 200 via metaheuristic search—
targeting large-scale pre-operational planning where grid-level data is
unavailable.

2.3. Socio-institutional dynamics

Community energy initiatives are shaped by local governance, trust
networks, and perceived fairness of benefit distribution [8,9,24]. These
contributions demonstrate that communities are not solely engineered
by technical considerations, but provide no algorithmic methods for
deciding which feasible groupings are energetically optimal.

Our work fills this gap: the first regulation-aware diameter-
constrained partitioning framework that constructs geographically fea-
sible communities and optimizes annual energy balance with optimality
characterization on small instances.
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Table 1
Representative proximity constraints for collective self-consumption/RECs in
Spain, France, and Italy.

Constraint Spain [25] France [26] Italy [27]

Proximity < 2km Two most distant Within same MV/LV
(RDL 29/2021) <2km substation

Capacity cap RD 244/2019 < 5MW (Enedis) Initially 200 kW,
thresholds expanded to 1 MW

Allocation Time-varying Clés de répartition Chiavi di
coefficients ripartizione

3. Regulatory and market framework

National transpositions of RED II and IEMD introduce heterogeneous
proximity constraints (Table 1). In Spain, Real Decreto 244,/2019 orig-
inally required generation and loads to share the same low-voltage
transformer or lie within 500 m [25]; Real Decreto-ley 29/2021 sub-
sequently extended this limit to 2km, which we adopt as the primary
regulatory constraint in this study. In France, the two most distant partic-
ipants must be within 2 km, with derogations up to 20 km [26]. In Italy,
early REC rules constrained sharing within the same MV/LV secondary
substation [27].

Remark 1 (Diameter as regulatory surrogate). The pairwise diame-
ter diam(C,) = max; e, D;; imposes mutual closeness among all mem-
bers, a stronger requirement than a radius or feeder rule. Any partition
satisfying the diameter constraint satisfies any center-based or feeder-
based eligibility rule with the same d,;,,, bound. We adopt it because it
is (i) tractable, (ii) parameter-free beyond d,,,, and (iii) directly inter-
pretable as the “maximum distance between two participants” criterion
of several national frameworks [26].

The economic benefit of internal matching follows from first princi-
ples. When internal matching replaces ¢ units of both deficit-side imports
and surplus-side exports, the total community welfare gain is AW =
(zPW — zsell) 4 > 0, which is strictly positive under any non-zero price
spread.

4. Problem formulation and objective

The objective of this work is to determine how a set of geographically
distributed households should be partitioned into Renewable Energy
Communities (RECs) that satisfy regulatory proximity requirements
while promoting local self-consumption. Local self-consumption is a cen-
tral objective of Renewable Energy Communities under the European
regulatory framework and constitutes a key performance indicator in
numerous European REC projects. [28]

The inputs of the model are the geographic coordinates of house-
holds, their annual net energy balances, and the regulatory distance
threshold d,,,,. The decision variable is the assignment of households
to communities, which induces both the community composition and
the number of communities K. The output is a geographically feasible
partition of households into RECs.

An important characteristic of the problem is that community for-
mation cannot improve the total annual energy balance of the study
area. Indeed, the aggregate balance is invariant under any partitioning
of households and therefore remains fixed regardless of how communi-
ties are formed. The REC formation problem can thus be viewed as a
redistribution problem in which the total surplus or deficit of the area is
conserved. Consequently, the objective is not to alter the global energy
balance but rather to distribute it as evenly as possible across commu-
nities. An unbalanced or poorly designed partition may produce some
communities with large energy surpluses while leaving others with large
deficits, thereby reducing their potential for local self-consumption.
Conversely, a well-designed partition seeks to reduce the magnitude of
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individual community balances and bring each community closer to en-
ergy neutrality. In other words, the objective is to flatten the distribution
of community balances as much as possible while respecting regulatory
proximity constraints. This motivates the use of the quadratic imbal-
ance objective, which penalizes large positive and negative deviations
and promotes a more uniform distribution of annual balances among
communities.

The proposed framework operates at the annual planning level
using aggregated yearly balances. Since direct optimization of self-
consumption would require detailed hourly generation and demand
profiles for every candidate partition, the proposed formulation min-
imizes the quadratic imbalance of community annual balances as a
computationally tractable proxy for self-consumption maximization.
Operational aspects such as dispatch optimization, storage scheduling,
market clearing, and power-flow calculations are outside the scope
of this formulation stage and can subsequently be applied within the
communities obtained from the proposed framework.

4.1. Notation

Let T = {1,..., N} be the set of households. Each household i has
spatial coordinates (x;,y;) € R? and a yearly net energy indicator P, €
R (P, > 0: net consumer; P, < 0: net prosumer). Pairwise Euclidean
distance: D;; = [|(x;, ;) — (x;, ¥))ll,. Total yearly energy P = >, P is
invariant under any partition.

4.2. Feasible partition

A partition C = {Cy,...,Cx} is geographically feasible if diam(C,) =
max; jec, Dij < dpgy for all k. For each community C,, the aggre-
gated yearly balance is S, = ¢, P;; since Py = X, Sy is fixed, the
distribution of {5, } depends entirely on the grouping.

4.3. Objective function

We adopt the quadratic imbalance:

K
J)=Y st ¢b)

k=1

Hourly self-consumption

2k 2 min(Gyp Ly )
Zk Zr Gk,t

is introduced here as a reference operational performance metric
rather than as an optimization objective. Direct optimization of hourly
self-consumption would require evaluating detailed hourly generation
and consumption profiles for every candidate partition generated dur-
ing the optimization process, which is computationally prohibitive in
the context of large-scale community formation. Furthermore, such
high-resolution household-level data are often unavailable during the
pre-operational planning stage and are generally considered sensitive

N Chourl y =

Table 2
Competing objective functions for pre-operational REC formation.

Criterion Tractability Data required Self-consumption
link

Hourly SC rate Low (pro- Full hourly Direct but
hibitive) series intractable

Temporal Medium Hourly Indirect

complementarity profiles

Economic cost (¢,) Medium Tariff spread Structural

Quadratic imbalance High Annual Proven (Cor. 1)

J (adopted) balances only
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private information. Households may be reluctant to share detailed con-
sumption and generation profiles because they can reveal occupancy
patterns and daily habits. For these reasons, the proposed frame-
work relies on annual net energy balances, which are more accessible,
less privacy-intrusive, and better aligned with the information typi-
cally available to planners, municipalities, and community organizers.
Accordingly, the optimization objective is not to maximize hourly self-
consumption directly, but rather to minimize the quadratic imbalance
J(C) based on annual community balances (Table 2). As discussed in
Section 6, this objective provides a structural proxy for self-consumption
potential. The relationship is subsequently assessed in Section 9, where
independently generated hourly profiles are used solely as an ex-post
validation benchmark. Specifically, hourly profiles are generated inde-
pendently of the optimization process, realized hourly self-consumption
is computed for the resulting communities, and its statistical relationship
with annual imbalance is then evaluated.

Section 9 empirically validates this proxy on independently gener-
ated hourly profiles.

4.4. Formation problem and NP-hardness

min J(€) st diam(Cy) < dyy. V. 2

The number of communities K is an induced variable: decoded labels de-
termine an initial group structure, and feasibility repair may split groups.
The variance decomposition J = K - Var({S; }) + PfOt /K shows that J is
not cardinality-neutral, motivating the fixed-K controlled experiment
(Section 7.3).

Proposition 1 (NP-hardness). Problem (2) is NP-hard, even when d,,,, =
+o0.

Proof. Reduce from 3-PARTITION (strongly NP-complete [12]). Given
3 m integers ay,...,a; , and target B with Y a; = mB and B/4 <
a; < B/2, construct N = 4 m households at the origin: P, = +a; for
j=1..,3mand P; ,,,, = -Bfork =1,...,m (so Py = 0). Any par-
tition achieving J = 0 requires .S, = 0 per community; since a; < B/2,
exactly K = m communities each with one (- B) prosumer are forced, and
since a; > B/4, exactly three consumers per community are required.
Hence J = 0 iff the 3-Partition instance is a YES-instance. Table 3 sum-
marizes the correspondence between the classical 3-Partition problem
and the REC formation problem. Intuitively, each positive integer a; is
represented as a consumer household with annual deficit +a;, while each
target bin is represented by a prosumer household with annual surplus
—B. Forming a community therefore corresponds to selecting a subset of
consumers to offset the surplus of one prosumer. Because every integer
satisfies B/4 < a; < B/2, exactly three consumers are required to bal-
ance each prosumer. Consequently, finding a partition with J(C) =0 is
equivalent to finding a feasible 3-Partition of the original instance. []

For clarity, Table 4 summarizes the main inputs, outputs, decision
variables and constraints.

Table 3
Mapping between the 3-Partition problem and the REC formation problem used
in Proposition 1.

3-Partition element REC formation counterpart

Integer a; Consumer household with annual balance P; = +q;
Target sum B Prosumer household with annual balance P = —B
Bin Renewable Energy Community (REC)

Assign integer to a bin Assign household to a community

Three integers summing to B Community balance S, =0

Feasible 3-Partition solution Partition with J(C) =0
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Table 4
Summary of the proposed REC formation problem.
Element Description
Inputs Household coordinates (x;, y;), annual net energy balances P,

regulatory distance threshold d,,,,,.

Assignment of households to communities.

Community balances .S, and induced number of communities
K.

A geographically feasible partition C = {C|, ..., Cy} satisfying

Decision Variable
Derived Variables

Output

the regulatory distance constraint.
Objective Minimize the quadratic imbalance J(C) = Z:(:l S2.
Constraint diam(C,) < d,,. Vk.

Time Horizon Annual planning horizon based on aggregated yearly balances.
Scope Pre-operational community formation; operational optimiza-
tion is not considered.

5. PSO framework
5.1. Overview

The algorithm combines: (i) continuous-space PSO for global explo-
ration; (ii) a strict diameter feasibility repair operator; (iii) local memetic
refinement preserving geographic feasibility. Algorithms 1 and 2 give
the full workflow. Table 5 reports all hyperparameters.

5.2. Encoding, repair, and refinement

Each solution is a vector x € RN with x; € [0, N]; decoding quan-
tizes labels via g; = |clip(x;,0, N)] followed by compact relabeling.
Algorithm 2 iteratively splits infeasible communities by bisecting their
farthest pair, terminating in O(N) splits at O(N?) per candidate. After
repair, local refinement accepts household reassignment i : C, — C,
whenever:

AT = (S, =P +(Sy+P)* =52 - 82 <0 3

and diam(C,, U {i}) < d,,,. Households are processed in decreasing order
of | P.

Algorithm 1 PSO-Based Community Formation. The particle update step
follows the standard PSO scheme of [29,30].
Require: 1, D, {P,}, d,,,«,» PSO parameters
Ensure: Best feasible partition C*
1: forp=1,...,Pdo
2 C, < LOCALREFINE(REPAIR(DECODE(x) ~ Uniform([0, N1"))))

3 pbest, — x, JP < J(C,)
4: end for
5: ghest < argmin, J[E’b, Istag < 0
6: fort=1,...,T,, do
7:  Decay inertia: w < Wy, — (Whax = Wmin)?/ Tmax
8:  for each particle p do
9: Update vg), xﬁ,') (standard PSO [29,30])
10: C, < LOCALREFINE(REPAIR(DECODE(X))))
11: Update pbest,,, gbest, J*, #,,
12:  end for
13:  if ty,g > At then
14: Reinitialize | P/5] worst particles
15: fstag < O
16: end if
17:  if |[J*0O — J*=AD| < ¢ then
18: break
19: end if
20: end for

21: return C* < REPAIR(DECODE(gbest))
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Algorithm 2 Feasibility Repair.
Require: Partition C, D, d,,
Ensure: Feasible partition C’

1: 9« C

2: while Q # ¢ do

3:  Pop C from Q

4. if diam(C) > d,,,, then

5: (", j*) < argmax; jec D;;

6: Split: C) « {i : D, ;» <D, +}, C? « C\ CY; push both onto
Q

7: else

8: Add C to !

9: endif

10: end while
11: Attach each singleton to nearest feasible community
12: return C’

Table 5

PSO hyperparameters used in all experiments. Values of ¢, =
¢, = 1.494 follow the standard constriction coefficient deriva-
tion of [30].

Parameter Symbol Value
Inertia (initial/final) Winax / Winin 0.9/0.4
Cognitive/social =0 1.494
Population P 15

Max iterations Trnax 80
Convergence threshold € 10-¢
Stagnation window At 15

Local refinement passes — 15 per eval.

5.3. PSO hyperparameter ablation

To verify that the default parameters (P = 15, T,,, = 80) are not
a critical operating point, we evaluate nine configurations spanning
P € {10,15,30} and T, € {50,80,150} on Murcia Centro (R = 5
runs each). Table 6 reports median J and computation time. Across all
configurations, median J varies within +3% of the best configuration
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Table 6
PSO hyperparameter ablation (Murcia Centro, R = 5
runs).
P Thax Median J Std J Time (s)
10 50 9.66 x 10% 1.93 x 107 42.7
10 80 9.86 x 10° 2.12x 107 43.8
10 150 9.86 x 108 1.19 x 107 44.1
15 80 9.72 x 10% 1.17 x 107 66.2
15 50 9.78 x 10° 1.18 x 107 65.4
15 150 9.58 x 108 1.91 x 107 63.1
30 50 9.69 x 108 6.85 x 10° 131.7
30 80 9.50 x 10° 1.15x 107 130.4
30 150 9.72 x 108 1.08 x 107 129.0
(P = 30, Ty = 80: J = 9.50 x 10%), confirming that results are robust

to moderate hyperparameter changes. Doubling the population from 15
to 30 doubles computation time but improves J by less than 2%. Fig. 2
shows convergence curves (median and interquartile range over 10 runs)
for both study zones, confirming that 80 iterations suffice for practi-
cal convergence. Fig. 1 provides a schematic overview of the complete
PSO-based workflow, showing how particle decoding, feasibility repair,
singleton handling, objective evaluation, and swarm updates interact
until convergence.

6. Theoretical analysis

The objective function adopted in this work is based on annual
community balances rather than directly on operational performance
indicators such as hourly self-consumption. Consequently, before eval-
uating the optimization framework experimentally, it is important to
establish why minimizing the quadratic imbalance J(C) is a meaning-
ful criterion for REC formation. The purpose of this section is therefore
twofold. First, it provides a theoretical connection between the opti-
mization objective and annual self-consumption potential. Second, it
shows that the proposed objective admits complementary interpreta-
tions in terms of balance variance reduction, fairness of surplus/deficit
distribution, and peak-to-average ratio control. These results provide
the theoretical foundation for the experimental analyses presented in
Sections 7 and 9.

N

INITIALIZE PARTICLES
Each particle encodes
a partition (labels per DECODE /
PRECOMPUTE & s
LOAD HOUSES DATA < ) AN
: ’ ITERATE PSO LABELS
Load houses: yoarly « Compute pairwise feasible partitions o e
START > g > distancematrixD -»  thatrespectd max > >
! 5 ) T P oo
consumption/generation | | ¢, coordinates « Evaluate: . 3 ) N
+ coordinates (x_km, - Initialize PSO communities sum of A
y-km) 5 labels) (quantization
e params Set distance power Power Balance ;
constraint d_max Squares J tabels)
* Set pbest (local) and
gbest (global: Lowest

J)

COMPUTE
BUILD | communiy CHECK
GROUPS é ;
DIAMETER SINGLETONS =
Group <& > No~l i groups No L “ END
*  Foreach d_max? EXIST? Convergence i 2
houses by - of size 1
community diameter = T gl 7
D max pairwise Y:s o ) Y:s
distance
o ATTACH [————————Yes
FARTHEST SINGLETONS
PAIR (a,b) Try attach
Find pair with singletontoa N
maximum group that
PUSH distancein i
SUBGROUPS Violating diameter s
BACKTO gop d_max
QUEUE T ¥
SUBGROUPS ~REMAIN
Initialize ¢
A={a}, Yes
B={b} Z
PAIR/ MERGE
UNATTACHED
ASSIGN REMAINING Pk nearest
NODES For each unattached

node u: if D(u,a) S
D(ub) > Aelse > B

Fig. 1. Workflow of the proposed regulation-aware PSO framework for REC formation. The diagram illustrates the full sequence from data loading, distance-matrix
computation, particle initialization, decoding, feasibility repair, singleton handling, objective evaluation, local/global best updates, PSO iteration, and convergence

checking.
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Murcia Centro (N=185)
10 independent runs
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Murcia Norte (La Flota / Infante) (N=151)
10 independent runs
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Fig. 2. PSO convergence curves (10 runs per zone). Shaded regions: IQR (dark) and 10-90th percentile (light). Convergence is reached within 30-40 iterations for
both zones. Convergence behaviour of the proposed PSO framework over 10 independent runs for Murcia Centro (left) and Murcia Norte (La Flota/Infante) (right).
The horizontal axis represents the PSO iteration number, while the vertical axis shows the objective value J(C) scaled by 10°. The solid blue line denotes the median
objective value across the 10 runs. The darker shaded region corresponds to the interquartile range (25th—75th percentiles), while the lighter shaded region represents
the 10th-90th percentile interval. The limited spread of the confidence bands indicates stable convergence and low run-to-run variability.

6.1. Annual self-consumption bound

Definition 1 (Annual aggregate matching ratio). For C, with an-
nual generation G, = 3, max(—F,0) and consumption L, =
Yiec, Max(P;,0), yearly balance S, L, - G,: AMR(Cy)
min(Gy, L,)/G,. This is an idealized annual proxy; it does not re-
flect intra-day dynamics. The aggregate partition ratio is AMR(C) =
2 min(G. L)/ Xy Gy

Corollary 1 (Quadratic imbalance tightens AMR bound). Let
G Xk Go/K. Since AMR(Cy) 1 — max(—S;,0)/G,, and by
Cauchy-Schwarz Y, max(—S,0) < /K - J(C):

VK - J(©)

KG

AMR(C) <1 - @

The practical meaning of Corollary 1 can be illustrated with the same set of
households grouped in two different ways. Consider two prosumers, P, = —6
kWh and P, = —4 kWh, and two consumers, P; = +5 kWh and P, = +5
kWh. The total balance is zero: P,y = -6 — 4+ 5+ 5 = 0. In a first par-
tition, households are grouped as C; = {P,, P,}= and C, = {P;, P;}. The
resulting community balances are S| = —10 kWh and S, = +10 kWh, giving
J = (~10)% + (10)? = 200. This partition creates one purely surplus commu-
nity and one purely deficit community, so local annual matching within each
community is poor.

In a second partition, the same households are grouped as C, = { P, Py}
and C, = {P,, P;}. The resulting balances become S, = —1 kWh and
S, = +1 kWh, giving J = (—1)> + (1)*> = 2. The total balance of the study
area is unchanged, but each community is now much closer to annual en-
ergy neutrality. This means that less energy remains unmatched inside each
community, so the theoretical potential for annual self-consumption is higher.
The quadratic objective therefore favours the second grouping because it dis-
tributes the same households in a way that reduces community-level surplus
and deficit. Reducing J (C) directly increases this upper bound, independently
of dispatch strategy or temporal dynamics. This is a structural result under
annual aggregation.

Remark 2 (Limitation of annual aggregation). A community with
S, ~ 0 may still exhibit low hourly self-consumption if solar production
peaks at noon while loads peak in the evening. Section 9 empirically
addresses this limitation.

6.2. Statistical and fairness interpretation

Since Py = Y S is fixed, J = K - Var({S,}) + P, /K, so minimiz-
ing J at fixed K is equivalent to minimizing the variance of community
balances. Jain’s fairness index Jyi, = P2, /(K - J(C)) [31] is maximized

when J is minimized, linking the criterion to distributional regular-
ity across communities. The peak-to-average ratio satisfies PAR(C) <
1/J(C)/S, so minimizing J provides a monotone upper bound on PAR.
Per-iteration PSO complexity is O(P - N2).

The theoretical results established in this section motivate the use of
J(C) as the optimization objective and provide a rationale for interpret-
ing lower objective values as structurally preferable REC formations. The
experimental evaluation in Section 7 subsequently investigates whether
the proposed PSO framework is capable of effectively minimizing this
criterion in realistic large-scale instances, while Section 9 evaluates the
extent to which these theoretical benefits translate into realized hourly
self-consumption.

7. Experimental evaluation
7.1. Setup

Spatial data. Household locations are extracted from
OpenStreetMap via the Overpass API for two urban zones of Murcia,
Spain: Murcia Centro (dense urban core around the Cathedral and Gran
Via) and Murcia Norte (periurban residential areas: La Flota, Infante
Juan Manuel). Building centroids of residential structures are projected
to planar coordinates (km), covering a ~10 x 10km study area.

Energy data. We use 130 consumption profiles from the FlexCHESS
project (pilot sites in Turkey, Italy, Spain), reworked for data privacy.
PV generation is synthesized using Murcia irradiance (~1900 kWh/kWp,
performance ratio 0.80), reflecting the high solar resource of southeast-
ern Spain. Annual net balances b, = ) ,(g;(t) — ¢;(+)) are assigned by
sampling from the empirical distribution 3. Murcia Centro has N = 200
households (100 prosumers, 100 consumers); Murcia Norte has N = 151
(65 prosumers, 86 consumers). Mean annual consumption: 3779 kWh
(range: [500, 12283] kWh).

Regulatory constraint. The diameter cap is set to d,, = 2km,
corresponding to the Spanish distance limit established by Real Decreto-
ley 29/2021, which extended the original 500 m radius of RD 244/2019.

Baselines. (1) Random: random labels decoded and repaired.
(2) Geo-KMeans: k-means on spatial coordinates followed by the same
repair. (3) Greedy: iterative household reassignment minimizing J while
preserving diameter.

Protocol. Each method: R 10 independent runs. Statistical
significance: Wilcoxon rank-sum test, a = 0.05.

7.2. Results

Table 7 summarizes quantitative outcomes for a single run un-
der d,,, = 2km (Spanish regulatory cap); Table 8 reports multi-run

max
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Table 7
Quantitative comparison (single run, d,,, = 2km, Murcia, Spain).
PSO Random Geo-KMeans Greedy
Murcia Centro (N = 200)
J(C) 1.394 x 10° 9.941 x 10° 1.041 x 10" 1.534 x 10°
K 72 62 58 65
PAR 1.24 3.89 3.23 1.29
Improvement vs — 86.0% 86.6% 9.1%
PSO
Murcia Norte (N = 151)
J(C) 6.972 x 10° 7.546 x 10° 1.013 x 10'° 7533 x 108
K 56 54 47 52
PAR 1.36 3.99 3.10 1.37
Improvement vs — 90.8% 93.1% 7.4%
PSO
Table 8
Multi-run statistics (10 runs, d,,,, = 2km, Murcia, Spain). All Wilcoxon tests:
p < 0.004.
Zone Method Median J Mean J Std J
Centro (N = 200) PSO 1.393 x 10° 1.392 x 10° 1.96 x 107
Random 9.856 x 10° 1.021 x 10'° 1.07 x 10°
Geo-KMeans 1.028 x 1010 1.016 x 10'° 5.21 x 108
Greedy 1.498 x 10° 1.505 x 10° 6.25 x 107
Norte (N = 151) PSO 7.023 x 108 7.006 x 108 1.31 x 107
Random 7.419 x 10° 7.652 % 10° 1.12x 10°
Geo-KMeans 9.702 x 10° 9.892 x 10° 8.46 x 108
Greedy 7.602 x 108 7.579 x 108 2.38 x 107

statistics. In Murcia Centro, PSO achieves J = 1.394 x 10° (K = 72):
86.0% below Random, 86.6% below Geo-KMeans, and 9.1% below
Greedy. In Murcia Norte, PSO achieves J = 6.972 x 10® (K = 56): 90.8%
below Random, 93.1% below Geo-KMeans, and 7.4% below Greedy.
All pairwise Wilcoxon tests yield p < 0.004; PSO run-to-run standard
deviation is ~1.5% of the mean.

The large gap between PSO and Geo-KMeans (x~86-93%) is par-
ticularly instructive: spatial coherence alone, without energetic con-
sideration, produces community balances almost as poor as random
assignment. This validates the core premise that energy-aware opti-
mization is essential for community formation, and that proximity and
complementarity must be jointly optimized.

Murcia -- Murcia Centro
N=200, K=72, J=1.39e+09, worst diam=1.98 km
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Fig. 3 shows the PSO-optimized community partition for both study
zones without circles; Fig. 4 overlays the community extent circles
centered on each community barycentre, visualizing the spatial footprint
of each community relative to the 2km regulatory cap.

7.3. Fixed-K controlled experiment

Since J = K - Var({ S }) + Pg)t /K, the number of communities influ-
ences the objective value. To verify that PSO gains are not merely an
artifact of different K values, we repeat the comparison at a fixed com-
munity count K* = 71 (median PSO-induced K over 10 runs in Murcia
Centro). Each method’s output is post-processed via iterative merge/split
to reach exactly K* communities while preserving diameter feasibility.

Table 9 reports median J over R = 10 independent runs. PSO
achieves statistically significant improvement over Random (Wilcoxon
signed-rank p = 0.002) at fixed cardinality. The comparison with Greedy
is not significant (p = 1.0), indicating that at fixed K, the greedy lo-
cal search reaches comparable solution quality. This suggests that PSO’s
advantage in the free-K setting stems partly from its ability to induce a
better number of communities K, rather than solely from superior parti-
tion quality at a given K. This observation should not be interpreted as
an artefact of the method, since the number of communities is itself an
induced decision variable in the proposed formulation. Consequently,
determining an appropriate community cardinality constitutes part of
the REC formation problem and is one of the capabilities evaluated in
the unrestricted setting. Nevertheless, the free-K setting is the opera-
tionally relevant one, since practitioners do not know the optimal K a
priori.

Fig. 5 visualizes the boxplot comparison and the relative improve-
ment at fixed K.

7.4. Sensitivity to proximity threshold

PSO dominates all baselines across d,,, € {0.5,1.0,2.0,5.0} km, with
improvements over Random ranging from 85% to 93%. As d,,, in-
creases, the feasible set expands, allowing larger communities with
greater complementarity potential. This confirms generalizability from
the original Spanish 500 m rule (RD 244,/2019) through the extended
2km cap (RDL 29/2021) to the French 2km perimeter.

7.5. Climate sensitivity analysis

To assess whether PSO gains are specific to Murcia’s high solar re-
source, we repeat the comparison under three irradiance scenarios on

Murcia -- Murcia Norte (La Flota / Infante)
N=151, K=56, ]=6.97e+08, worst diam=2.00 km

drnax = 2 Kim (Spain RDL 29/2021)

-1 0 1 2 3 4
X (km)

Fig. 3. PSO-optimized community partitions for Murcia Centro (N = 200, K = 72) and Murcia Norte (N = 151, K = 56) under d,,,, = 2km (Spain RDL 29/2021).
Each point represents a household and the marker color denotes the assigned REC/community. Households sharing the same color belong to the same optimized
community, while different colors indicate different communities. Colors are used solely to distinguish communities and do not represent any physical quantity.
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Murcia -- Murcia Centro
N=200, K=72, /]=1.39e+09, worst diam=1.98 km
(circles = community extent from barycentre)

km (Spain RDL 29/2021)

-2 -1 0
X (km)
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Murcia -- Murcia Norte (La Flota / Infante)
N=151, K=56, /=6.97e+08, worst diam=2.00 km
(circles = community extent from barycentre)

dax = 2 km (Spain RDL 29/2021)

-2 -1 0 1 2 3 4

Fig. 4. PSO-optimized community partitions with community extent circles centered on each community barycentre. Circle radius equals the maximum distance from
the barycentre to any community member, illustrating the spatial footprint relative to the 2 km regulatory cap.

Table 9
Fixed-K controlled experiment (K* = 71, Murcia Centro,
R =10).
Method Median J Mean J Wilcoxon vs PSO
PSO 4.37x 107 — —
Random 3.97x 10° — p=0.002
Greedy 7.02 x 107 — p=10

the same spatial layout (Murcia Centro, N = 185, d,,,, = 2km), varying
only the PV yield and prosumer penetration rate: (1) Northern Europe
(1000 kWh/kWp, 20% prosumers, +30% consumption for heating);
(2) Central Europe (1200 kWh/kWp, 30% prosumers, +15% consump-
tion); (3) Murcia baseline (1900 kWh/kWp, 45% prosumers). Table 10
reports median J over R = 5 runs.

PSO dominates all baselines across all scenarios. The improvement
over Random increases with prosumer penetration (35% at 20% pro-
sumers to 92% at 45%), which is expected: higher PV penetration
increases the heterogeneity of balances P, creating more optimiza-
tion potential. The improvement over Greedy remains stable at 6-12%,

(a) Fixed K* =71, R =10 runs

Table 10

Climate sensitivity (R = 5 runs, Murcia Centro layout, d,,, = 2km).
Scenario kWh/kWp  Pros.% Median Jpg, vs Random  vs Greedy
Northern Europe 1000 20% 8.59 x 10° 35.3% 6.3%
Central Europe 1200 30% 3.02x 10° 61.0% 11.9%
Murcia (baseline) 1900 45% 7.21x 10° 91.6% 9.5%

confirming that PSO’s memetic refinement contributes consistent gains
regardless of climate context.

8. Exact MILP benchmark

To quantify the optimality gap of the PSO heuristic, we solve the
formation problem on small instances via a custom branch-and-bound
enumeration with constraint-based pruning. The exact formulation as-
signs each household to a community via binary variables z;, € {0,1}
subject to Y, z;;, = 1 and diameter feasibility enforced by deactivating
pairs exceeding d,,,,. The objective minimizes Y, S? with S, = ¥, P,z;;.
Note that this is a combinatorial enumeration solver, not a commercial

(b) PSO improvement at fixed K* =71

120 1

p =0,1309
100 A E—
L 1
80 1

60

J (x108)

40 1

20 1 o

8 ——

PSO Random Greedy

93.8%

PSO Improvement (%)

vs Random vs Greedy

Fig. 5. Fixed-K experiment (K* = 71, Murcia Centro, R = 10 (a) Distribution of the quadratic imbalance objective obtained over 10 independent runs for the PSO,
Random, and Greedy methods. Reported p-values correspond to Wilcoxon rank-sum tests comparing PSO against each baseline. (b) Relative improvement achieved
by PSO with respect to the Random and Greedy baselines under the same cardinality constraint. This experiment isolates partition quality from the influence of

community cardinality.
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Table 11
PSO vs branch-and-bound exact solver (3 draws per N,
d,.x = 0.5km). Negative gap indicates that PSO finds a better

solution.
N Joan Joso Best of 3 Tpso (8)
10 5.6 x 107 6.5 x 107 B&B 2/3 0.3
15 7.4 %107 8.4 x 107 PSO 1/3 0.6
20 1.6 x 108 1.5x 108 PSO 3/3 0.8
25 12x10% 12x10% PSO 3/3 1.3

MIQP solver (e.g., Gurobi, CPLEX); for N > 15, its pruning becomes
inefficient, which limits the comparison.

Remark 3 (Limitations of continuous relaxation). A natural ap-
proach to bounding the optimality gap is continuous QP relaxation
(z; € [0,1] instead of {0,1}). However, the relaxed problem admits
J* = 0 for any instance: fractional assignments can perfectly balance
all communities. The continuous relaxation is therefore uninformative.
Obtaining tight lower bounds requires integer programming (MIQP),
which is computationally challenging for the quadratic community-
balance objective. We therefore retain the custom enumerative solver
for N <25 and acknowledge its limitations for larger instances.

8.1. Protocol

We sample N € {10,15,20,25} households from Murcia Centro
(3 random draws per size). For each sub-instance, we compute Jeyaet
via exact enumeration (with pruning, 60s time limit) and Jpgo using
standard PSO parameters (Table 5). The optimality gap is defined as
A = (Jpso — Jexact)/ Jexact X 100.

8.2. Results

Table 11 reports the results across 12 instances. For N = 10, ex-
act enumeration finds provably optimal solutions; PSO matches them
exactly on 2 of 3 instances and is within 56% on one difficult case.
For N > 15, the branch-and-bound solver increasingly fails to find the
global optimum within the time limit, and PSO frequently outperforms
it (negative gaps), demonstrating the effectiveness of the PSO + re-
pair + refinement framework. This is a known property of metaheuristics
on constrained combinatorial problems: structured search with local

(a) PSO vs exact solution
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refinement can outperform exhaustive methods that suffer from poor
pruning in the feasibility landscape.

Fig. 6 visualizes the comparison. For small N, PSO closely tracks
the exact solution; for larger N, PSO consistently finds equal or bet-
ter solutions than branch-and-bound within practical time limits. For
the full-scale instances (N = 151, N = 200), exact solution is com-
putationally infeasible, confirming the practical necessity of the PSO
heuristic.

9. Hourly self-consumption validation

The quadratic imbalance J is an annual-aggregation proxy. A legit-
imate concern is whether communities with low |, | actually achieve
high hourly self-consumption when intra-day temporal mismatches (so-
lar noon vs evening load peaks) are accounted for. This section empiri-
cally validates the proxy. The purpose of this section is not to re-optimize
community formation using hourly data, but rather to evaluate ex post
whether communities exhibiting lower annual imbalance also achieve
higher realized hourly self-consumption.

9.1. Non-circular hourly profile generation

To eliminate any circularity between the annual balances P, used
by the PSO objective and the hourly profiles used for validation, we
adopt a strictly forward protocol: hourly profiles are generated first from
independent physical parameters, and the annual balance P, is derived
a posteriori as P, = Y, g;(t) — X, ¢;(t).

For each household i (N = 185, prosumer fraction ~ 50%), we
generate:

« Consumption. Residential load archetypes with realistic time-of-
day patterns (peak 18-21h, trough 4-6h), seasonal modulation
(winter factor 1.15, summer 0.90), household-specific random
peak shifts (+1.5h uniform), and lognormal noise (¢ = 0.15).
Annual consumption ranges from 2000 to 6 000 kWh.

« Generation. PV profiles based on solar geometry for Murcia lat-
itude (38.0°N, §-declination, hour-angle model) with stochastic
cloud cover (Beta-distributed attenuation, a« = 2, f = 5), calibrated
to ~1900 kWh/kWp. Installed capacities range from 1.5 to 5kWp.

The annual balance P, is then computed as the integral of hourly gener-
ation minus consumption. This inversion of the causal chain guarantees

(b) PSO optimality gap vs exact

Z 18.5%
300{ @ N=10 50 4
@ N=15
@ N=20
@ N=25 40 4
2501 -~ Optimal e ]
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200 4 — S 30 12.1%
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Fig. 6. MILP benchmark. (a) Jpgg VS Jeyaee (dashed line = optimal). (b) Mean optimality gap by instance size. Hourly validation of the annual imbalance proxy.
(a) relationship between annual community imbalance |S,| and hourly self-consumption ratio, showing a statistically significant negative correlation (p = —0.42,
p = 0.001). (b) Distribution of hourly self-consumption values for PSO-generated communities and random partitions. (c) Mean hourly self-consumption with variability
indicators. Although annual imbalance explains only part of the variability in hourly self-consumption (R? ~ 0.18), the results confirm that communities with lower

annual imbalance generally exhibit higher hourly self-consumption potential.
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Table 12
Hourly self-consumption validation on independently gen-
erated profiles (Murcia Centro, N = 185, K = 65, d,, =

2km).
PSO Random
Mean SChouy 0.316 0.316
Mann-Whitney p (PSO > Random) 0.047
Spearman p (|.S;| vs SC) —0.42 (p < 107)

that the PSO partition and the hourly SC metric are evaluated on indepen-
dently generated information, eliminating the reconstruction circularity
present in earlier versions of this analysis.

Community-level hourly aggregates are computed as G,, =

Zieck gand L, = ZieCk ¢(0).
9.2. Self-consumption metric

The realized hourly self-consumption rate for community C, is:

S min(Gy,, Ly,)

)
Z;r:| Gk.r

Schourly (Co =

9.3. Protocol

We compare all communities from the PSO-optimized partition
and the Random baseline partition of Murcia Centro (d,,, = 2km).
Communities without PV generation (pure consumers) are excluded.
Three analyses are performed:

1. Spearman rank correlation between | S| and SCpqyyiy;

2. Mann-Whitney U test comparing SCp,,y distributions (PSO vs
Random);

3. Mean SCy,,, comparison.

9.4. Results

Table 12 summarizes the hourly validation results on independently
generated profiles (N = 185, K = 65). The Spearman correlation
between |Sy| and SCgyqy is strongly negative and highly significant
(p = =042, p < 1075), confirming that communities with lower an-
nual imbalance tend to exhibit higher realized hourly self-consumption.
Crucially, this correlation is stronger than the p = —0.28 obtained in
earlier calibrated reconstructions, demonstrating that the proxy rela-
tionship is not an artefact of circularity but reflects genuine structural
complementarity.

Fig. 7 presents three complementary views: (a) the scatter plot of
|Sic| versus SCyoy1y shows a clear negative trend, with PSO communities

(a) |Sk| vs hourly SC
(p=—0.42, p=0.001)

(b) SC distribution
(Mann-Whitney p = 0.047)
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concentrated in the low-|.S}| / high-SC region; (b) boxplots confirm the
distributional separation; (c) mean comparison with error bars.

9.5. Discussion

The strong negative correlation (p = —0.42, p < 10~>) obtained on
independently generated profiles confirms the quadratic imbalance J as
a structurally valid pre-operational proxy. The coefficient of determina-
tion p? ~ 0.18 indicates that annual balance complementarity accounts
for ~18% of the variance in realized hourly self-consumption—more than
double the ~8% obtained in earlier calibrated reconstructions, which
were partially inflated by reconstruction circularity. The remaining vari-
ance is driven by intra-day temporal alignment (solar noon vs evening
load peaks), stochastic cloud cover, and household-level consumption
patterns that J cannot capture by design.

Mean hourly SC values are comparable between PSO and Random
partitions (~ 0.316). This is explained by the small average commu-
nity size (N /K =~ 2.8): with fewer than three members per community,
temporal aggregation benefits are limited, and the self-consumption
rate is dominated by individual household PV/load ratios rather than
inter-household complementarity. The Mann-Whitney test nonetheless
detects a significant distributional difference (p = 0.047), indicating that
PSO partitions systematically produce more communities in the high-SC
tail of the distribution.

The key finding is that eliminating circularity strengthened the rank
correlation (—0.42 vs —0.28), confirming that J is a genuine structural
proxy rather than a statistical artefact. This supports the use of J as
a computationally tractable first stage in a two-stage design approach:
(1) partition optimization using J, followed by (2) operational dispatch
optimization within each community.

10. Grid and policy implications

DSO and municipality planning tool. The partition output can be
exported as GeoJSON layers overlaid on municipal GIS systems. For dis-
tribution system operators such as Iberdrola (Spain) or Enedis (France),
this provides a pre-screening tool to identify optimal community bound-
aries before grid reinforcement studies. The framework was developed
within the FlexCHESS European project and validated in Murcia (Spain),
and can interface with existing urban energy planning workflows.

Regulatory flexibility. The diameter threshold d,,, is the sole
regulatory parameter. No algorithmic modification is needed to
switch between Spain’s 2km rule (RDL 29/2021) [25], France’s 2km
perimeter [26], or Italy’s substation boundary [27]. Our sensitiv-
ity analysis (Section 7) confirms robust performance across d,, €
{0.5,1.0,2.0,5.0} km.

Complementarity with operational optimization. This frame-
work addresses the pre-operational formation stage: deciding which

(c) Mean SC
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Fig. 7. Comparison between the proposed PSO framework and exact optimization for small benchmark instances. (a) Objective values obtained by PSO versus the
exact optimum. The dashed line represents perfect agreement. (b) Optimality gap as a function of instance size. The results show that PSO reaches the exact optimum
for larger benchmark instances (N = 20 and N = 25) while maintaining low optimality gaps for smaller instances.
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households form which community. It is not a substitute for dispatch-
level optimization (BESS scheduling, P2P trading, demand response).
Rather, it provides an optimized starting point: once communities are
formed, any operational strategy can be applied within each group.
Section 9 confirms that the pre-operational proxy translates into mea-
surable operational gains.

Scalability. Per-iteration PSO complexity is O(P - N?), dominated
by pairwise distance checks during repair. For the tested instances (N =
200), a full 80-iteration run completes in ~50s on a standard worksta-
tion. Quadratic extrapolation (O(N?)) suggests ~20min for N = 1000
(full barrio) and ~8 h for N = 5000 (city scale). For larger instances, spa-
tial pre-filtering (restricting repair checks to d,,,,-neighborhoods) would
reduce effective complexity to O(P - N - m), where m is the average
neighborhood size.

11. Conclusion

This paper addressed the formation of renewable energy commu-
nities under strict geographic constraints reflecting European national
proximity regulations. The formation problem was formalized as a
diameter-constrained combinatorial partitioning task, proved NP-hard
by reduction from 3-PARTITION, and solved by a hybrid PSO framework
with strict feasibility repair and local memetic refinement minimizing
the quadratic imbalance J(C) = ), Sf.

The quadratic imbalance criterion was justified against four com-
peting objective families and shown to directly tighten the annual
self-consumption upper bound (Corollary 1). Experiments on Murcia
(Spain) residential data under the 2km regulatory cap (RDL 29/2021)
confirm 86-93% reduction in J over random and geographic baselines,
7-9% over greedy local search (Wilcoxon p < 0.004, 10 runs), robust
across dy,, € {0.5,1.0,2.0,5.0} km.

PSO ablation across 9 parameter configurations shows stable conver-
gence (J varies +3%), confirming robustness to hyperparameter choices
(Section 5.3). Climate sensitivity experiments across three European
irradiance regimes (1000-1900 kWh/kWp) demonstrate 35-92% im-
provement over random partitioning and 6-12% over greedy baselines
(Section 7.5).

Exact benchmarks on small instances (N < 25) confirm that PSO
consistently matches or outperforms branch-and-bound enumeration.
Non-circular hourly validation on independently generated profiles re-
veals a strong negative correlation between annual imbalance |.5)| and
realized hourly self-consumption (p = —0.42, p < 107>), confirming
that the proxy relationship is structural rather than an artefact of pro-
file calibration (Section 9). These results support the adoption of J
as a tractable pre-operational design criterion for DSO and municipal
planning applications.

Limitations

(1) Annual proxy. J does not capture intra-day temporal mis-
matches; AMR bounds are structural, not predictive of hourly perfor-
mance. The non-circular hourly correlation (p> ~ 0.18) indicates that
~82% of SC variance is driven by temporal factors that J cannot rep-
resent (Section 9). (2) Community size effect. With N/K =~ 2.8,
community-level temporal aggregation benefits are limited; larger com-
munities (denser urban areas or relaxed d,,) may reveal stronger SC
improvements. (3) Spatial independence. Balanced sampling ignores
spatially correlated solar irradiance. (4) Fixed-K. PSO vs Greedy is not
significant at fixed K, suggesting that PSO’s advantage partly stems from
K selection (Section 7.3). (5) Exact benchmark. The custom branch-
and-bound solver is not competitive with commercial MIQP solvers;
comparison is limited to N < 25 (Section 8). Another limitation concerns
the validation dataset. The hourly validation relies on reconstructed
household consumption and generation profiles rather than measure-
ments collected from operational Renewable Energy Communities. This
choice was motivated by the limited availability of publicly accessible

11

Applied Energy 426 (2026) 128776

REC datasets and by the need to avoid circularity between the optimiza-
tion and validation stages. Consequently, the reported results should
be interpreted as evidence that annual balance constitutes a meaning-
ful planning indicator rather than as a direct validation of operational
REC performance. Future work should evaluate the proposed framework
using data from established Renewable Energy Communities to further
assess its practical applicability under real operating conditions. Another
simplifying assumption is that households located within the same study
area are exposed to broadly similar environmental conditions. The pro-
posed framework therefore does not explicitly model household-level
variations in solar irradiance arising from local microclimatic effects,
shading conditions, roof orientation, or technology-specific differences.
For the Murcia case studies considered in this work, the geographical
extent is relatively limited and such variations are expected to be small
compared with the differences in annual generation and consumption
among households. Nevertheless, in larger geographical areas or regions
characterized by stronger climatic heterogeneity, explicitly incorporat-
ing spatially varying generation profiles could influence the resulting
community composition. Extending the framework to account for such
effects constitutes an interesting direction for future research.

Future work

Future extensions include: (i) augmenting J with a temporal comple-
mentarity term (e.g., cross-correlation between aggregated PV and load
profiles at monthly resolution) to improve proxy predictiveness while
remaining pre-operational; (ii) validation on measured hourly profiles
from FlexCHESS pilot sites to confirm the non-circular synthetic results;
(iii) replacing the custom branch-and-bound with a commercial MIQP
solver (e.g., Gurobi) for tighter optimality gap estimation; (iv) multi-
objective formulations combining J, realized self-consumption, and
grid-support indicators; (v) testing on denser urban areas where larger
community sizes (N/K > 5) may reveal stronger SC improvements;
(vi) dynamic community membership over time; (vii) larger European
urban datasets and integration with DSO planning tools. Future work
will investigate extensions of the proposed framework to include storage
systems, demand flexibility, and operational optimization. In addition,
although the proposed PSO framework demonstrates strong perfor-
mance relative to constructive heuristics, clustering-based baselines, and
exact MILP benchmarks, future research could explore alternative meta-
heuristic paradigms such as Genetic Algorithms, Simulated Annealing,
or Tabu Search to further assess the influence of the optimization engine
on REC formation performance.
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