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Abstract. Collective self-consumption schemes typically
require dynamic sharing coefficients—hourly alléeat ratios
per customer—to be submitted during the month pliege
settlement, making reliable month-ahead, hour-byr-hdemand
forecasts essential. This paper presents a prefticaework that
generates these forecasts from historical consomputata and
derives compliant allocation coefficients, while pégitly
assessing how the economic value of forecastingriipon the
retail tariff and compensation rules. Several lggight
persistence-based predictors are used to capeatrindividual
load behavior, and their outputs are combined tmowan
ensemble that learns data-driven weights from pastrs. The
framework is evaluated on real hourly data fromréS8idential
customers under three representative tariff seitifgVPC, a
market-based contract without virtual wallet, ancharket-based
contract with virtual wallet. Results show that thasemble
consistently improves upon individual predictorsd amchieves
annual bills close to an oracle benchmark, whileeaéing that
tariff design—especially whether export credits cdfset fixed
monthly charges—materially affects both total coatsl the
sensitivity of outcomes to PV size and export price
Key words. collective self-consumption, demand
forecasting, electricity tariffs, ensemble learning

1. Introduction

Distributed renewables are accelerating the tramsftion
of power systems, and collective self-consumptioB8Q)
has become a prominent model by enabling multiple
consumers to share the benefits of a common phitéiwo
(PV) plant. In Spain, the regulatory framework (Bby
Decree 244/2019 and later updates) requires PMnghar
coefficients to be submitted in advance to therithistion
system operator; these coefficients can be fixedine-
varying, but in the dynamic option they may chahgarly
while still being notified ex ante.

This makes forecasting central to operationallysitele
dynamic allocation. In this work, dynamic coefficie are
derived from hourly, ex-ante demand forecasts b<oe
four-month blocks, covering all hours of the upcogi
settlement period. Forecast accuracy thereforecttire
affects both the community’s total bill and thetdimution

of costs and benefits across participants, with the
magnitude of the impact depending on the settlemdes
and retail tariff design (e.g., export credit traant, virtual
wallet carry-over, and whether credits can offsaed
power charges).

Research on collective self-consumption has grown
rapidly over the last few years, driven by both new
regulatory frameworks and the emergence of energy
communities as practical deployment models. Initial
studies largely highlighted the role of shared RV i
increasing the local uptake of renewable generadioch

in delivering broader societal gains beyond bitiuetion.

In this line, Luthander et al. [1] provide a detdlil
overview of PV self-consumption modelling approache
and discuss why shared configurations are relet@ant
improve local integration of distributed generation

As the field matured, a substantial body of workdreto
examine how shared energy should be allocated among
participants. Minuto and Lanzini [2] review and quamne

a range of energy-sharing mechanisms across ovipersh
structures and demand patterns, showing that sggmin
simple design choices—such as allocating propaatipn

to demand, using fixed shares, or distributing fitsre-

can lead to markedly different outcomes at both
individual and community level. Reis et al. [3] ther
emphasize that the “best” allocation depends on the
community objective: strategies aimed at minimizing
total cost are not necessarily aligned with maxingz
self-consumption, and the resulting welfare disitiitn
across members may differ even when overall
performance improves. Related contributions suchias
and Okur [4] illustrate that allocation and investrn
decisions are interdependent: financing structieeg.,
third-party ownership versus member-funded PV) can
shift feasibility conditions and reshape how besefi
accrue. In parallel, Kortetmaki et al. [5] show ttha
metering and crediting arrangements materially caffe
self-consumption rates and revenues, suggesting tha
allocation rules cannot be assessed in isolatiom fthe
measurement protocol and the valuation of exported
energy.

A complementary stream focuses specifically on the
Spanish context under RD 244/2019, using empidatd

to quantify the consequences of alternative allonat
choices. Llera-Sastresa et al. [6] report that bibih
degree of production—consumption alignment and the
selected sharing scheme can strongly influenceegroj
viability and the distribution of costs within thgroup.
Villalonga Palou et al. [7] study the estimationdan
optimization of static distribution coefficients ing
hourly consumption and realistic inputs (prices and



irradiation), and find consistent economic gainatree to
default coefficient settings.

Prior work has studied CSC allocation rules, baréehis
limited evidence on how the value of forecast-based
dynamic coefficients depends on retail tariff cleoiand
settlement rules (e.g., whether export credits offget
fixed charges and whether unused credits can bédar
forward via a virtual wallet). This paper fills thgap with

a fully implementable forecasting-to-allocation glipe
that generates hourly, ex-ante coefficients fronurfo
month-ahead demand forecasts computed in rolling 4-
month blocks, aligned with current Spanish subroissi
requirements, and evaluates it under PVPC and te®- f
market contracts (with and without virtual walletyainst
individual predictors, an error-weighted ensemhbled an
oracle benchmark.

2. Methodology overview

The proposed CSC methodology follows a practical
workflow using data typically available to communit
managers. Historical hourly demand is used to train
lightweight forecasting models and generate forward
predictions for each participant over the required
submission horizon. These forecasts are then ctadrer
into a complete hourly schedule of sharing coeffits that
satisfies regulatory constraints and can be directl
submitted to the operator. The resulting pre-suiechit
coefficients are subsequently used to simulatdesegint
under alternative tariff and compensation rules.e Th
analysis considers PVPC, Spain’'s regulated retaifft
with hourly-varying energy prices linked to wholksa
signals and time-dependent regulated network ckagrel
benchmarks it against a representative free-maekét
(FMT) with fixed annual import and export prices
(adopted as a transparent reference relative toe mor
complex time-of-use offers). For the free-marketise,
two settlement variants are examined: FMT-noVW, ighe
unused export credits expire within the billing rtfgrand
FMT-VW, where remaining credits are carried forwaral

a virtual wallet (VW).

In a CSC setting, the hourly PV generatigyproduced by
the shared installation must be distributed amohng t
Nmembers of the community. This allocation is define
through a set of sharing coefficients,, which represent
the fraction ofG.assigned to participanat hourt. The
resulting allocatior@; ;is therefore

G,=a,G
subject to the feasibility constraint

Ya,=1 0
i=1

If fixed coefficients are adopted, ,remains constant over
time (typically for the whole month). Dynamic
coefficients, instead, allow; ,to vary witht, enabling the
allocation to better track heterogeneous demanéilgso
This added flexibility can improve the perceivedriass

(1)

(@)

the forthcoming settlement period. As a consequence

a;cannot be computed from realized demand, but must

be derived ex ante from expected consumption. is th
work, coefficients are obtained from month-aheaayrh
by-hour demand forecasts computed in four-month
blocks (fully compatible with the current Spanish
submission requirement), and then used unchanged
during settlement.

The procedure is summarized as follows:

1. Forecast individual demand. For each participant
produce an hourly forecaﬁt_tfor all hourstin the
upcoming period.

2. Compute the aggregated demand forecast.

~ N .
ot = 2.C 3)
i=1

3. Build dynamic sharing coefficients by normalization

4
Ctot,t
Allocate PV generation using the pre-submitted
schedule. During the subsequent settlement period,
the allocation is performed with the submitted
a;values, i.e.(;; = a;,G,, and billing is computed
accordingly.
This normalization-based rule allocates PV output
proportionally to each member's expected demand at
every hour. In doing so, it provides a transparamd
directly implementable mechanism to translate faséx
into dynamic coefficients, with the aim of limiting
allocation imbalances and improving the distribntiof
costs and benefits within the community.

3. Forecasting approaches

In this study, several lightweight persistenceestyl
predictors are implemented to capture differeneatgpof
recent consumption behavior. Their month-ahead
outputs—generated in rolling four-month blocks—are
combined through an ensemble (ENS) whose hour-of-
week weights are learned from recent forecast rror
using a strictly backward validation window, thus
avoiding any look-ahead bias. The aim of the enseisb
not to enforce a specific theoretical property, bot
reduce forecasting risk relative to any individual
predictor by adapting the combination weights tcerg
performance. The resulting forecasts are then latats
into ex-ante dynamic sharing coefficients, whicte ar
submitted ahead of settlement and used to assegs ho
improved demand anticipation affects the economic
performance of shared PV generation at communitgl le
under different tariff schemes.

A. Seasonal profile model (SP)

SP is a non-parametric, persistence-based preditaor
exploits the strong 168-hour (hour-of-week) seakgna

of the scheme and, in many cases, reduce systematic of residential demand. It builds a 168-point weekly
mismatches between assigned PV energy and actual template from past observations (with mild winsafian

consumption.
In Spain, dynamic coefficients must be communicated
the distribution system operator in advance fohalirs of

to limit outliers), rescales the template to mattie
recent consumption level (ratio of recent meanotugt
term mean), and then repeats the adjusted weeéfitepr



forward to obtain the month-ahead forecast (cligpin
negative values to zero). The method is lightweight
interpretable, and performs best when demand is
dominated by stable weekly cycles, while atypicadres
(e.g., holidays or abrupt changes) are not modeled
explicitly.

B. Previous-month hour-of-day model (PM)

The PM model is a persistence-based predictor that
assumes the most recent month contains the mestardl
information about near-future consumption patterns.
Instead of relying on weekly repetition, PM focusesthe
hour-of-day structure observed during the last detap
month available before the forecast is issued. €axh
hour of the day, a representative demand valubtaired
from the observations recorded at that same houhén
previous month, after applying light filtering teduce the
influence of atypical days or missing samples. Ths
hour daily profile is then repeated forward to proel the
full month-ahead hourly forecast, starting from tiext
hour after the last available measurement. Negathees
are truncated to zero. Because it relies only og xecent
data, PM reacts quickly to gradual behavioral cleang
although it does not explicitly capture longer-term
seasonal effects.

C. Same calendar month in previous years model (PY)

The PY model captures seasonal recurrence by asgumi
that consumption patterns observed in the samendale
month of previous years are indicative of the upicgm
month. Historical data from all past occurrencesthaft
calendar month are aligned by hour-of-day, andefach
hour a representative value is computed to formaidy d
seasonal profile. This 24-hour profile is then w@pd to
generate the month-ahead hourly forecast, beginning
immediately after the last observed sample, withatige
values set to zero. PY effectively reflects reagri
seasonal influences—such as climatic or habitual
patterns—that short-term persistence models may
overlook, although it may be less responsive tcemec
shifts in consumption behavior.

D. Rolling multi-month hour-of-day model (ROLL)

The ROLL model is a persistence-based predictor
designed to balance short-term adaptation with omedi
term stability. Instead of relying on a single neiceionth

or on seasonal recurrence from previous years, ROLL
builds its forecast from the aggregated behaviaeoked
over a rolling window covering several recent maenth

All historical observations within this rolling wilow are
grouped by hour-of-day, and for each of the 24 siaur
representative demand value is computed after lyight
filtering atypical samples. This produces a daitpfite

that reflects the average behavior over multipleen¢
months, smoothing out temporary anomalies whil# sti
remaining sensitive to gradual changes in consumpti
habits. The resulting 24-hour profile is then rdpda
forward from the next available hour to generate th
complete month-ahead forecast, with negative values
clipped to zero.

By combining information from multiple recent mosth
ROLL provides a compromise between the rapid
adaptability of PM and the long-term seasonal vigw
PY, often yielding stable and robust forecasts when
consumption patterns evolve slowly over time.

E. K-Nearest Neighbors (KNN) Forecasting Method

The KNN forecaster is a data-driven, non-parametric
approach that predicts each hour of the target Imbt
searching fohistorical situations that look similar to the
most recent consumption pattern of each custorar. F
every forecasted hour, a feature vector is buitmfr
recent load information (e.g., lagged hourly valaesi
simple calendar descriptors such as hour-of-daydaye
of-week), and the algorithm retrieves thi€nearest
historical observations according to a distancerimet
defined on those features. The prediction is tHatained

as an average (or distance-weighted average) of the
corresponding realized loads of those neighborsctwh
allows the model to adapt to recurring—but notc#iri
periodic—behavioral regimes. Because it relies anty
past measured demand and local similarity rathem #n
explicit parametric structure, KNN can capture ogdr
patterns and atypical weeks better than simplegterse

in some cases, although its performance dependbeon
availability of comparable past examples and it ban
sensitive to the choice of features, distance metridK.

F. Ensembl e forecasting approach (ENS)

Each of the individual predictors captures a défer
aspect of consumption persistence. SP exploits lyweek
regularity, PM reacts to very recent behavior, eftects
seasonal recurrence, and ROLL smooths patterns over
several recent months. This study adopts an adaptiv
ensemble scheme, building on our earlier work {8],
leverage the complementary strengths of the base
predictors, limit reliance on any single model, apdiate

the combination as recent conditions change.

For every issuance date and for each user, thenbhse
operates at the level of hour-of-week strabae

{1, ...,168}. This allows the combination to account for
systematic differences in model performance across
hours of the week. All weights are estimated usinty
data available up to the end of the previous month,
ensuring a strictly backward-looking validation daw

with no look-ahead bias.

Let Z‘f,’l),hlt denote the forecast ¢fth model for a future
hour t belonging to stratunh in a issuance montm.

The ensemble forecast for that hour is defined as a
weighted combination of the base predictors:

. 3 .
ENS _ H AN
C —ZWr(th

m,h,t mht
j=1
)

where w,,";are the weights associated with moglat

hour-of-week stratunk. To estimate these weights, past
forecast errors are computed within a rolling aalflon
window that ends at the issuance cut-off (the hastr of
the previous month). For each mogl@hd straturh, the
historical errors are:

(5)



() =c —cW
t Ct Ct (6)
where C,is the observed demand. From these errors, the

empirical variance of each model in that stratum is
estimated as:

aj‘” __Z( (1))

h th
with N, being the number of samples in strathm
The ensemble weights are chosen to minimize thanee
of the combined forecast subject to a sum-to-one
constraint:

J J

; ) o) (i) =

mlnw)Z;(\/\/( )(Th s.t. Z;Wh =1
1= 1=

Solving this constrained problem yields inverseiasace

weights normalized to one:

o (O-E(J))‘l
F)

k=1
Finally, these hour-of-week weights are appliethebase
month-ahead forecasts to obtain the ensemble piadic

used for computing the dynamic sharing coefficients

~ENS _ D
Cm,t - Z\Nr(nh(t)cmt
j_

(@)

(8)

©)

(10)

where h(t)denotes the hour-of-week stratum to which
hourtbelongs.

By adapting the combination weights to recent
performance at each hour of the week, the ENS éatec
preserves temporal structure and provides a mdrasto
basis for defining the ex-ante dynamic sharing ficiehts
required in CSC settlement.

4, Test cases

This section evaluates the proposed forecasting-and
allocation pipeline on a real collective self-comgtion
(CSC) community of 18 residential customers withuriyp
metered demand, using the 2021 settlement yeaheas t
evaluation period for both forecasting accuracy hitlthg
outcomes. Forecasts are generated in a strictlywead-
looking manner (using only data available up toheac

Annual community bill by method
I I

issuance time) and are produced month-ahead atyhour
resolution through a rolling four-month block wdidi,
enabling the preparation of a complete scheduloafly
sharing coefficients for the required submissionizom
without future information.

The economic assessment considers three tarifhgett
representative of common Spanish settlement designs
The first is PVPC, the regulated retail tariff, wéehe
purchase price varies hourly with wholesale market
signals and regulated components, including time-
dependent network tolls and charges. Two free-nharke
reference tariffs are also analysed assuming consta
import and export prices (acknowledging that tinfierse
commercial offers exist): FMT-noVW, where export
credits are limited to the current billing montihdaFMT-
VW, where unused credits can be carried forward
through a virtual wallet. Consistent with the implented
settlement logic, PVPC export credits cannot offsetd
monthly charges, while the wallet-enabled design ca
enable inter-month compensation.

The shared generation asset is modelled as a poBfib
plant in Seville (Spain) with a base rated power3bf
kW, using an hourly production profile scaled frarper-

kW reference series. Hourly energy balances and
monthly settlements combine (i) realized demangP{
generation, (iii) tariff-specific import/export pes, and
(iv) regulated fixed charges where applicable. Ho
market-based cases, reference prices are seta&/H\&/h
(imports) and 7 c€/kWh (exports), matching the pcri
configuration.

The case study quantifies how forecast-driven dyoam
sharing affects settlement outcomes under diffetanff

and compensation rules. Several lightweight penscs-
style predictors are considered for month-aheadlyou
forecasting. Their outputs are combined through the
proposed ENS approach, which learns hour-of-week—
dependent weights from recent forecast errors using
strictly backward validation window. Forecasts are
converted into ex-ante hourly sharing coefficienta
normalization and used to allocate PV generatiaindu
settlement. Results compare individual predict&i¥sS,
and an oracle benchmark (based on realized deniand)
terms of monthly billing and annual total costs.dan
include sensitivity analyses on PV size and export
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remuneration.

Figure 1 compares the annual community bill obtine
when dynamic sharing coefficients are computed from
each individual predictor and from the proposeceearse
(ENS), for each of the three tariff settings coesdd.
Results are benchmarked against an oracle reference
which represents an idealized case where each
participant’s realized consumption is assumed t&rimevn

in advance and therefore coefficients can be coedput
without forecasting uncertainty. Overall, the prepod
ensemble consistently delivers the best performanoess
tariffs, improving upon all individual predictorsy PVPC,
ENS achieves the smallest deviation from the oraeith

a 3.68% gap. Under the free-market retail tarifthout a
Virtual Wallet, the ENS—oracle difference is 4.46%hen

a Virtual Wallet is enabled, the ENS gap increakes
12.96%, yet it remains lower than the gaps produmed
any single forecasting method.

Table 1 reports the community’s total monthly bidiad
the annual total for 2021 under the three tariffi@s—
PVPC, FMT-noVW, and FMT-VW—computed with the
proposed ENS approach; the corresponding oracleesal
are shown in parentheses as an ideal referenceewher
participants’ consumptions are assumed to be knimwn
advance. In annual terms, ENS yields €1,726.9 16P®@
(oracle: €1,665.5), compared with €1,019.3 for FMT-
noVW (oracle: €975.7) and €732.5 for FMT-VW (oracle
€648.5). This confirms that PVPC is the least faite
option economically for this community, while bditee-
market settings substantially reduce total coste Tble
also illustrates the added value of the virtualletadesign:

by allowing unused export credits to be carriedroee
subsequent months, FMT-VW avoids losing credits
accumulated during high-radiation periods and acse
the lowest annual bill—e.g., ENS drops from €151
November (FMT-noVW) to €0 under FMT-VW, and from

Table I. — Annual electricity bill (€) depending tariff choice
obtained by the proposed ENS method (theoreticalman
obtained by oracle approach shown in brackets)

Month PVPC | FMT-noVW | FMT-VW
Jan | 341.0(332.1) 271.7 (263[2y1.7 (263.2)
Feb | 202.3(197.9] 148.2 (143/a118.2 (143.9)
Mar | 189.2 (178.7) 131.5 (122.R)31.5 (122.6)
Apr | 105.0(94.8)| 17.4(10.2) 17.4(10.p)
May | 62.5(53.7) 0 (0) 0 (0)
Jun | 47.3(47.3) 0 (0) 0 (0)
Jul | 47.5(475) 0 (0) 0 (0)
Aug | 47.5(47.5) 0 (0) 0 (0)
Sep | 47.3(47.3) 0 (0) 0 (0)
Oct | 143.8(138.3) 88.5(84.2 0 (0)
Nov | 221.8(215.7) 153.1(148.4) 0 (0)

Dec | 271.6 (264.5) 208.9 (203/353.8 (108.7)
TOTAL [1726.9 (1665.5)|1019.3 (975.7)|732.5 (648.5)

ENS — Annual bill per customer
I [ I

Figure 2 shows the annual electricity bill of eafhthe
18 customers under the three tariff options comeitle
(PVPC, FMT-noVW, and FMT-VW) using the proposed
ensemble-based allocation (top panel). The bottanelp
reports, for each customer and tariff, the peramigap
with respect to the oracle benchmark, i.e., thalidase
where customers’ actual demand is assumed to b&rkno
in advance when computing the sharing coefficients.
Overall, the figure highlights both the strong cusér-
to-customer variability in annual costs and how temiff
design and compensation rules shape the sensitwity
forecast-driven allocation: PVPC typically leadshtgher
bills, while the free-market settings reduce coats] the
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Fig.2. Annual bill per customer (€) across tariftions (top) and percentage gap vs. oracle bendéh¢hattom)

€208.9 to €163.8 in December, reflecting the imb@mnth
compensation enabled by the wallet mechanism.

virtual wallet option further improves outcomes by
allowing surplus-export credits accrued during higjti



generation periods to be carried over and used in
subsequent months.

A. Sensitivity analysis

This section performs a sensitivity analysis toeassthe
robustness of the results by varying the PV systere.
Specifically, the rated PV power is swept from 7566
125% of the baseline value adopted in the previous
section.

PV size sensitivity
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Fig. 3 reports a PV size sensitivity analysis inichhthe
rated PV power is scaled from 75% to 125% of th&\B5
baseline. For each scaling factor, the annual comitsnu
bill is recomputed under the three tariff settings,
comparing the proposed ensemble-based allocatiNS)E
against the oracle benchmark (perfect foresight of
demand). The curves show that increasing PV capacit
reduces the total annual cost, while the magnitfdthe
savings and the remaining gap to the oracle departtie
tariff design and its compensation rules. In patéc, the
virtual wallet has a negligible impact below 80%63&f kW
(i.e., 28 kW), whereas for larger PV sizes it beesem
increasingly relevant by allowing surplus credits lie
carried over and thus monetized more effectivelsose
months.

5. Conclusion

The paper concludes that forecast-driven, dynamic P
sharing can be implemented in a fully realistic wender
current Spanish CSC requirements by generating hmont
ahead hourly sharing coefficients from rolling fenonth
hourly demand forecasts, and that an adaptive -error
weighted ensemble (ENS) consistently outperfornme th
individual persistence-style predictors considdf&d, PM,
PY, ROLL, and KNN), yielding annual community bills
that remain close to an oracle benchmark basecedaqgh
knowledge of realized demand. Beyond this
methodological contribution, the results emphatiet the
economic value of forecasting is highly continget
retail tariff design and settlement rules (ofterthie extent
that these design choices condition, or even damjrihe
improvements attributable to better predictionsh |
particular, PVPC is systematically the least fabtera
option for the studied community, while free-martagiffs
reduce total costs under the same physical demah@®¥
generation, indicating that identical allocatioméoasting
strategies can lead to materially different outceme

depending on how imports, exports, and regulated
components are priced and settled. The analysikeiur
shows that enabling a virtual wallet strengthens th
benefits of dynamic sharing by allowing surplus-astp
credits to be carried across months, smoothing the
mismatch between periods of high PV output andogleri

of high consumption. This wallet effect is negligitat

low PV penetration, specifically for capacities del
roughly 28 kW (80% of the 35 kW baseline), because
monthly surplus is limited and credits are largely
exhausted within the same billing period; howeeasrPV
size increases and surplus generation becomes more
frequent, inter-month carryover becomes progrebsive
more valuable and translates into a visibly lowenual

bill.

The findings suggest two key takeaways: first, stbu
forecasting-to-allocation pipelines (and especially
adaptive ensembling) do improve performance ang hel
approach the oracle upper bound; second, the larges
swings in billing outcomes are driven by settlement
mechanics—how export credits are capped, whether
credits can offset fixed charges, and whether uwhuse
credits can be transferred to future months—which
ultimately govern how much of the PV value can be
monetized and how sensitive results are to PV giaimd
export remuneration.
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