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Abstract: In a constantly evolving context where non-dispatchable renewable energy sources
(RESs) are becoming increasingly widespread, the role of Renewable Energy Communities
(RECs) is gaining momentum as a way to promote distributed self-consumption. The
spreading of RECs in the European Union (EU) has been supported by the development
of technical tools. RECON (Renewable Energy Community ecONomic simulator) is one
the most used simulation tools for energy, economic, and financial pre-assessments of
RECs in Italy. This software requires, as an input to simulation, the electrical energy use
profiles of buildings to estimate the shared energy and, consequently, to calculate economic
incentives. However, the availability of reference electrical energy use profiles remains
limited, especially when it comes to specific uses such as for organized large-scale retail.
To address this issue, this study developed a data-driven model capable of generating
electrical energy use profiles specific for organized large-scale retail, using a limited number
of inputs, and thereby, addressing the gap in current energy modeling practices. The model
validation showed that the model replicates electric energy profiles, on an annual basis, with
an average deviation below 5% using minimal inputs. Monthly simulations exhibit greater
discrepancies during colder months, which suggest further refinement opportunities.

Keywords: renewable energy communities; electric energy use profiles; retail buildings
electric consumption; profile modeling

1. Introduction

The continuous increase in electric energy demand and the willingness to adopt
renewable solutions to counteract climate change has led the European Union (EU) to set
ambitious objectives in this regard, such as becoming the first climate-neutral continent by
2050 [1], which is at the heart of the European Green Deal [2].

To achieve this, the EU has undertaken different initiatives to transition towards a
distributed generation and renewable energy system, which boosted, over the years, the
share of renewable energy sources (RESs) in the generation of electricity [3,4].

One of these initiatives is the introduction, in 2018, of the Renewable Energy Directive
II (RED II) [5], which set a goal to raise the share of energy from renewable sources in the
Union’s gross final consumption to 32% by 2030 (lately further increased to 42.5% [6]). It
also introduced the concept of Renewable Energy Communities (RECs), i.e., a legal entity
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composed of citizens, local businesses, public entities, and organizations that produce and
share renewable electricity from community-affiliated RES installations using the national
grid for virtual energy exchange, thereby evolving the role of the citizen from being a
passive consumer to an active participant in the energy market [7,8].

RECs are emerging initiatives with the potential to transform the relationships between
end-users and other actors in the energy sector. By collectively investing in the production,
sale, distribution, and consumption of renewable energy, participants engage in the energy
transition and generate a series of benefits. These include mitigating climate change,
stimulating the local economy, mitigating energy poverty, and promoting stakeholder
engagement, while also reducing energy bills for members and creating new funding
opportunities for local initiatives [9-12].

Furthermore, citizens are not the only ones who can participate in RECs; small and medium
enterprises (SMEs) can also be a part of them, as long as their participation does not constitute
their main source of income. In analogy to this, as observed by E. Veronese et al. [13]:

“Industrial and commercial users may take the lead in the spread of these types
of configuration, leveraging their remarkable prospect of capital investment.”

Despite these opportunities, RECs remain a relatively new model for energy pro-
duction and sharing [14]. In particular, the participation of Organized Large-Scale Retail
(OLSR), classified as SMEs, is a topic that is still unexplored in the RECs’ literature.

In this context, various simulation tools have been developed to model RECs [15-18].
Notably, RECON (Renewable Energy Community ecONomic simulator) [15] by ENEA,
the Italian National Agency for New Technologies, Energy and Sustainable Development,
represents one of such tools. However, a significant limitation of these tools is their reliance
on electric energy (EE) use profiles, which can be challenging to obtain [19]. Electric energy
use profiles are necessary to simulate diffuse self-consumption configurations, as their
absence would prevent accurate calculations of the energy consumed and shared within
REC configurations [20,21]. In fact, the calculations are based on an hourly energy balance,
a method that is crucial for technical accuracy and, according to the Italian transposition of
the RED II directive, carries significant economic consequences [14,22].

In order to develop electric energy use profiles, two fundamental approaches can be
generally employed: engineering-based (or physics-based) modeling and data-driven mod-
eling. The physics-based model employs advanced high-resolution engineering techniques
that simulate energy demand based on the building’s thermal, energy, and architectural
characteristics, whereas data-driven approaches directly model the building’s energy per-
formance using statistical methods. A possible way to classify data-driven techniques
for energy demand prediction includes: conventional statistical methods, classification-
based models, support vector regression (SVR), artificial neural networks (ANN), genetic
algorithms, and grey and fuzzy models [23-27].

It is also worth noting that various techniques exist for generating electric energy use
profiles. These range from traditional statistical approaches to advanced machine learning
methods. Machine learning algorithms, in particular, offer significant advantages in terms
of forecasting and adaptability, enabling the generation of more accurate and customizable
profiles [28-30].

Numerous studies has addressed the generation of electric consumption pro-
files [31-34]. In particular, for applications to retail buildings, Rana et al. [35] proposed
a comprehensive investigation into the load contributions attributable to air condition-
ing systems. Moreover, significant attention has been devoted to developing accurate
consumption profiles. With regard to the generation of profiles for OLSR, two studies
(Granell et al. [36] and M. Orr [37]) have utilized these techniques.
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Granell et al. [36] proposed a data-driven method that, given a time interval, calculates
the average energy value and the slope of the line connecting the initial and final energy
values. The energy profile is characterized by eight elements: four key periods, the average
consumption during off-peak and peak periods, and the slopes during the transients, which
indicate an increase and a decrease in demand, respectively. By using this information,
the estimated profile is geometrically reconstructed by assigning the average values to the
off-peak and peak periods and modeling the transitions with linear segments.

On the other hand, M. Orr [37] focused on deep learning models, particularly Con-
volutional Neural Networks (CNN), which have proven effective in enhancing electricity
demand forecasting. These models can capture complex, non-linear relationships between
variables, which is a crucial feature for accurate energy consumption prediction. Moreover,
Orr’s study examines whether incorporating forecasted weather data can improve forecast-
ing accuracy by comparing predictions based on historical versus forecasted weather data.

While the literature abounds with studies on the modeling of EE use profiles for
buildings, especially in the residential sector [38—42], many of these models are not directly
applicable to other building types due to the large difference in electric energy consumption
and end-user EE profiles [43,44]. In particular, there is a scarcity of research focused on
electric energy use profiles for OLSR, that, as explained before, may play a relevant role
in RECs diffusion. Recognizing this gap and given the limited amount of available data,
which does not justify the use of advanced algorithms designed for large databases, this
study focuses on developing a data-driven model, inspired by the methodology proposed
by Granell et al. [36] to generate accurate and customizable OLSR energy use profiles’ using
only minimal input data. The developed model has been integrated in RECON beta testing
environment to allow simulations that improve the potential of RECs assessment in Italy.

The main contributions of the study include the implementation of an innovative
methodology that bridges the gaps in current energy modeling practices, its integration
into the RECON beta testing environment, and the generation of new knowledge through
validation against real data.

2. Materials and Methods

The following chapter is divided into three sections:

1. EE use profile generation from the exiting database;
. Integration of the EE use profile in the RECON beta testing environment;
3.  Model validation.

Section 2 is dedicated to the development of the model, which was specifically de-
signed for implementation within the RECON beta testing environment. The developed
model is based on the profiles generated in Section 1; given that these consumption profiles
are derived from raw data datasets, the model has been classified as data-driven.

All the tasks have been performed in the numerical computing environment of Matlab
R2024b [45].

2.1. EE Use Profile Generation from Exiting Database

To create an EE use profile, it is necessary to rely on hourly or quarter-hourly electricity
consumption data. For the purpose of this study, a database made of hourly or quarter-
hourly electricity net meter readings (which follow the Measuring Instruments Directive
2014/32/EU [46]), from year 2021 to year 2024 for seven buildings, was available, which is
reported in Table 1.
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Table 1. Analyzed OLSRs.
Total Area Power at Installed EV
Reference Type [m2] the Net PV Capacity Charging
Meter [kW] [kW] Station

M-1 Minimarket ! 130 15 - No
M-2 Minimarket 1130 63 - No
M-3 Minimarket 1309 100 - No
M-4 Minimarket 450 75 - No
S-1 Superstore 2247 250 - No
S-2 Superstore 2730 250 - No
S-3 Superstore 9569 498 63.75 Yes

1 Used for the validation of the model.

The OLSRs reported in Table 1 have been divided in two categories: minimarket and
superstore. The minimarket is characterized by an intra-day closing time and a small shop
floor area, while the superstore is characterized by a larger shop floor area and continuous
opening hours. The OLSRs considered in this study are located in Milan greater area in
Italy, in the Cfa climate zone (i.e., humid subtropical climate) defined by W. Képpen [47],
characterized by hot and humid summers and mild to cold winters. The EE data start from
2021 up to 2024 for the OLSR referenced as M-4 in Table 1 and from 2023 to 2024 for the
others, for a total data entry equal to 560,640.

Since the goal is to model an EE use profile for integration into RECON, additional
data, as listed in Table 2, are also required.

Table 2. Useful data for generating profile consumption.

Variables Unit of Measure
Location -
Opening hours -
Hourly electric consumption [kWh]
Total area [m?]
Grid meter active power [kW]
Nominal installed PV power kW]

Nominal installed Electric vehicles (EV)
charging station power

To model the EE use profile, each retail building was associated with its corresponding
dataset, which contained hourly or quarter-hourly consumption data along with a reference
date for each row. Then, data pre-processing and cleaning was performed. Pre-processing
of raw data started by filling the missing data and it proceeded with data cleaning; then,
from the processed data, it was possible to generate an EE use profile that best represents
the retail building.

Linear interpolation [48,49] was used to estimate the missing values, as the data gaps
were limited to a maximum of four consecutive points and occurred sporadically. Given
the short duration and low frequency of missing data, the introduced error is minimal
and does not significantly affect the overall analysis. In the case of a larger amount of
missing data, more precise techniques can be adopted, such as the K-Nearest Neighbors
(K-NN) algorithm [50-53] or the filling random forest algorithm [54-56]. Then, the data
underwent the cleaning process. It is worth noting that several data cleaning steps were
bypassed despite their potential to introduce minor errors, as the database was sufficiently
robust; from an engineering perspective and for the purpose of this study, these errors were
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considered negligible. The steps actually performed included the removal of days which
exhibited errors in data readings, as well as those days deemed irrelevant to the analysis.
Since Italian regulations of RECs require a one-hour time step, the quarter-hourly data
have been converted to hourly value.
The pre-processing steps performed on each available dataset are illustrated in
Figure 1.

15 minutes
data

J — & —

Hourly
data

Raw data Data filling Data reduction Data cleaning Final dataset

Figure 1. Data pre-processing steps.

The following data analysis has been performed, using statistical techniques, to better
understand the data under examination and the possible presence of clusters.

To determine the presence of clusters, the elbow method [57-59] was used. The
“elbow” identifies the value k that indicates the optimal number of clusters. After this, the
k-means clustering method is applied. This is a vector quantization technique that aims
to partition n observations into k clusters, where each observation belongs to the cluster
with the nearest mean (cluster center or centroid). It is important to note that the clustering
techniques presented in this analysis are to be regarded as a distinct aspect of the work.
They were employed with the aim of assessing whether their application might provide
results that differ from those hypothesized, namely the necessity of normalizing the data to
compare different structures. Once the clusters are identified, they are compared across the
different datasets using the t-test. The identified clusters exhibited a high variance between
the different datasets, indicating significant differences among them. For this reason, the
data were normalized to allow the comparison between datasets, and hence, the buildings,
which had different size and energy consumption [60,61].

The normalization of the datasets was performed based on the average hourly con-
sumption. Data were normalized either on annual basis or on monthly basis, depending on
the scope of the analysis. Since the consumption profile was firstly developed on an annual
basis, the steps performed for this case will be first outlined.

The first step was to calculate the total electricity consumption, for a specific dataset,
in a year, as reported in Equation (1):

days 24

Eyearly = Z (Z Ehaurly,i)j (1)
i=1

j=1

where Ejp,1y,; is the electric energy consumed in the hour i and days are the days in the
analyzed year. Then, the average hourly consumption was derived, dividing the yearly
consumption by the number of hours in a year, as reported in Equation (2):

E
yearly
2
hours @

Emeun =

The final step was to divide, for each hour of each day, the hourly consumption by the
average hourly consumption, as reported in Equation (3):

Enourty,i
Y
Enorm,i = (3)

Emean
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To normalize the data on a monthly basis, the steps to follow are the same. The differ-
ence is that the calculation performed in Equation (1) would be replaced with Equation (4):

days of month 24

Eontny = 2 (ZEhourl ,i)j (4)
y y

j=1 i=1

where Ejyy,i i the energy consumed in the hour i and days are the days in the ana-
lyzed month.

Using the normalized annual data, the EE use profile was modeled. To get more
accurate results, seasonal (4 consumption profiles) or monthly profiles (12 consumption
profiles) can be generated. The following steps will refer to an annual basis generation, but
they are equal for generation on a seasonal and monthly basis. The procedure starts from
the normalized dataset, which is composed of 11 Eq,y; vectors, as reported in Equation (5):

Eqy, = Do E1 E» -+ Ei --- Exn (5)

Each vector is defined by 25 parameters; the first element (Dy) represents the date of
that row while the other elements represent the normalized energy consumption at the
hour i.

For each hour in the dataset, the median of the normalized energy consumption over
n days was calculated. This resulted in a vector of 24 elements, each representing the
median of the normalized energy consumption for the corresponding hour. The points
inside this vector have been then interpolated using a spline with smoothing parameter [62]
as suggested by Haszpra, L. and Pracser, E. [63], since it proved to be accurate.

The interpolated points are used as a benchmark for generating the EE use profile,
meaning that each value of the EE use profile is compared with the benchmark value,
assessing the relative deviation defined as reported in Equation (6):

|Emodelled,i - Einterp,i

x 100 (6)

Freal = Einterp,i

where Ejnterp represents the median of the normalized energy consumption over n days and

Emodelled Tepresents the EE use profile generated. If .., ; reaches high values, it means that

the difference between the EE use profile and the interpolated curve is high, which is not

advisable because it suggests that the EE use profile does not represent the real data well.
The average daily EE consumption profile is represented by the C;,, vector, as

reported in Equation (7):

Coom = [C1 G2 -+ G - Cu )

The above vector is defined by 24 elements, with each element representing the
reference normalized energy consumption in hour i.

The initial profile vector, Cjorm, is defined by only two distinct EE consumption values,
one each corresponding to the store closed and open hours. Specifically, the consumption
during open hours is calculated as the median of all measurements recorded when the store
is open (in the database), while the closed hours consumption is obtained as the median of
the values recorded when the store is closed (in the database). These values are assigned to
the profile vector based on the store’s operating schedule.

The profile is then improved introducing an optimization function using Matlab’s
fminbnd function [64], minimizing the relative deviation between the reference and the
interpolated profiles. This is possible by setting up a value called threshold which defines
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the level of EE consumption above which the OLSR is assumed to be open, and otherwise,
when it is assumed to be closed. It is important to highlight that here the status “open” and
“closed” do not refer to the actual opening hours to the public but rather to the periods
when EE consumption can be associated either to open or closed (i.e., to a higher or lower
energy use intensity). The stopping criteria for the optimization function is set as reported
by Equation (8):

interval = |min(dataset), max(dataset) ®)

After threshold correction, the profile is re-evaluated. The peaks and bases EE con-
sumption are refined to minimize the relative deviation. Lastly, the transients are adjusted
by introducing a new parameter, «, which defines the slope of the consumption curves
during the transients. The parameter « is also optimized with Matlab’s fminbnd function.

By following these steps, a consumption profile is obtained using a piecewise linear
curve that minimizes relative deviation. Applying this algorithm to the available n datasets
results in  consumption profiles.

These n profiles serve as the reference for developing the model, which is to be
implemented in RECON, allowing profile generation using only a few inputs.

2.2. Integration of the EE Use Profile in RECON Beta Testing Environment

The EE use profiles obtained in Section 2.1 were modeled by knowing a priori the
hourly EE consumption of the OLSR and their opening and closing times; the RECON
software (V2.2.1), on the other hand, has, as inputs, only the opening and closing times, the
type of building (minimarket or superstore), and an aggregate energy consumption value,
be it monthly or annual divided into the three time slots defined by the National Energy
Authority ARERA [65]. Hence, the model that is developed to generate the EE use profiles
of retail buildings is based solely on these three inputs.

During the analysis aimed at modeling the EE use profile (Section 2.1), it emerged that
it is defined by four variables:

- The normalized values of peak consumption;

- The normalized values of base consumption, i.e., associated with the closing periods;

- The difference between the OLSR’s actual opening/closing hours and the open-
ing/closing hours derived from the reference database in Section 2.1, defined as A (one
value for each opening/closing);

- The duration of the transition periods between base load and peak load (hereinafter
also called “transients” for brevity), defined as < (one value for each transient).

It is important to note that the parameters A and < do not find direct correspondence
in the existing literature; however, they emerged as particularly insightful during our data
analysis. For this reason, it was decided to integrate them into the model on the basis of the
empirical insights obtained during data analysis. Two examples of A and vy are depicted in
Figure 2a,b.

The retail buildings, and hence, their consumption profiles, were divided into two
categories, minimarkets and superstores, to reflect their differing operational characteristics.
The peak and base values of the profiles were determined by calculating the median of
the normalized peaks and bases from the EE use profile for each category. Although
the normalized peak consumption values are comparable between the two retail types,
they were treated separately to generate specific consumption profiles: the minimarket
consumption profiles are generated using the minimarket peak values, and the superstore
consumption profiles using the superstore peak values. Minimarkets, which experience an
intra-day break, have two distinct peak consumption values and three base consumption
values; in contrast, the superstores exhibit one peak consumption value and two base
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Figure 2. Visual representation of (a) A and (b) +.

The obtained vectors are reported in Equations (9) and (10):
S=[to, Po bo,] ©)

M:[b,l P, by P bls} (10)

The first and third element of the S vector represent the base values of the profile, while the
second defines the peak value.

Differently, the second and fourth element of the M vector represent the peak values,
while the first, third, and fifth element define the base values.

Then, the difference (A) between the actual opening hours and the opening hours
defined on the basis of the database are estimated for each month of the year.

The monthly values were used for the generation of the monthly EE use profile, while,
for the yearly profile, the mode for A; is considered, as the mean and median returned
decimal values that were not easily convertible into an hourly format.

Lastly, the study of transients is performed. In this instance, the OLSRs were divided
into two categories: superstore and minimarket.

The < values are then evaluated on a monthly basis and, similarly to the A values, the
monthly values were used for the generation of the monthly EE use profile, while, for the
yearly profile, the mode for 7; is considered.

The implemented model use the following logic (also represented in Figure 3):

1.  The duration of peak consumption is modeled using the input hours, and then, the
model extends or reduces the duration of peak consumption based on the reference A;

2. Then, it constructs the transients by considering their duration (), after which it fills
the base segments of the remaining sections;
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3. Finally, the model calculates the average hourly consumption using the aggregated
EE data and multiplies the modeled normalized profile with the value just obtained,
in order to have an estimated hourly consumption profile on a daily basis.

Therefore, the numerical model is able to construct a reference energy consumption
profile that best fits the OLSR being simulated, given only the opening and closing times
and an aggregated monthly or annual energy consumption value.

Average profile values User inputs values

Normalised peak Building
consumption values type — isttask 2nd task

Normalised base Opening\closing
consumption values \\ hours
Model inputs Electric energy
Peak consumption

! 1+t task
based on input hours

3rd task

4th task

nN
L§]

a

n
=1
T

©
T

Peak extension\shortening

N 27 task
based on derived A

Transients modelling
based on derived y

3rd task

Hourly consumption [kWh]

Construction of

5 4t task
base consumption

Profile multiplied to the
average EE consumption

(a) (b)

Figure 3. (a) Flowchart of the implemented model. (b) Visual representation of the developed model.

2 4 6 8 10 12 14 16 18 20 22 24
Hour of the day

2.3. Validation of the Model

To validate the model, its outputs profiles were compared with real profiles from
data of an Italian building, which were not a part of the dataset used in Section 2.1, as
well as with data from three American commercial buildings, selected from the OEDI
database [66], located in the same climatic zone of Milan, from which the reference profiles
in Section 2.1 were generated. This validation was carried out by computing the relative
deviation between the model-generated consumption profile and the real profiles, as given
by Equation (6).

The used data for the validation underwent the same filtering and cleaning process
described earlier in Section 2.1. Then, the model was provided with the three essential
inputs required to generate the consumption profile (the same inputs required by the
RECON software): an aggregate energy consumption value (monthly or yearly), the type of
building, and the operating hours of the OLSR. Finally, the consumption profile generated
was compared with the real one.

Since the model developed allows the use of two types of consumption values, annual
and monthly, the validation was carried out using both categories of data to assess the
model performance.

3. Results

In this section, the results obtained using the previous methodology are presented,
along with some relevant considerations.

First, the results related to the generation of the EE use profile (Section 3.1) are reported.
Subsequently, the integration of the profile within RECON beta testing environment is
discussed (Section 3.2), followed by the validation of the model (Section 3.3).
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40

3.1. EE Use Profile Generation from Exiting Database

Before starting to generate the consumption profile, the dataset reported in Table 1
must be cleaned, which involves removing inaccurate or irrelevant records from the dataset.
Moreover, days corresponding to the Italian national holiday have not been considered.
Figure 4a,b shows the datasets before and after the cleaning process.

Hourly EE consumption [kWh]

=
=

Normalised hourly consumption
o
[S]

T T 40 T
35
=
|
c
S
o
£25
>
w0
c
o
© 20
w
[m]
=
515
o
T
10
5 | | | I
0 5 10 15 20
Hour of the day Hour of the day

(a) Minimarket (M-4) raw dataset

(b) Minimarket (M-4) cleaned dataset

Figure 4. Comparison between (a) raw and (b) cleaned datasets for Minimarket (M-4).

Starting from the selected data, the EE use profile can be generated on a yearly
basis. Following the steps outlined in Section 2.1, an EE use profile for each available
OLSR is modeled. Each profile represents the normalized average hourly electric energy
consumption in a day. Figure 5a shows the generated profile while Figure 5b shows the
trend of the relative deviation (Equation (6)).

(a) Minimarket (M-2) EE use profile

| ] | T I 2r - 60%
Samples : : ' ! } — Smoothing spline interpolation
Smoothing spline interpolation |* |+ ¢ | | 1 18 Generated profile
Generated profile : : 1. } ! [0 Relative deviation 150%
TT T N N T 1 H i
b iy 1o i S5l
Lo l | [N 1] *g_ :
INERARIR AR : 0%
I I g | \ 14 §
- - i 1 g _csv
) N re > 1
1 1 1 51.2 130% ©
1 1 I I o 4
I ! ! I i g £
Ly b | . r, o 4t ©
Tt I I ! 2
i ‘ ‘ = J20% &
I I I Iz £ 08
1 1 (Bl I c 08
: I I 1 1 z
| \ 1 i \ 1 10%
| 1 1 18 I 0.6 |
| I I I I
! I I I I
. . . T I I I L . | 0.4 0%
2 4 6 8 10 12 14 16 18 20 22 24 5 10 15 20
Hour of the day [h] Hour of the day [h]

(b) Relative deviation between the
real curve and the generated profile

Figure 5. Comparison between (a) electricity use profile and (b) relative deviation from the generated
profile for Minimarket (M-2).

In Figure 5a the blue curve is the generated profile, the light green background
indicates the OLSR’s opening hours, the black curves is the smoothing spline interpolation,
the red dots represent the data in the n Eday,i vectors, and the red bars, in Figure 5b,
represent the relative deviation (see Equation (6)) between the profile generated in blue
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and the interpolating curve in black. The resulting profile has an average relative deviation
around 3.10%.

Only one profile obtained through the developed model is presented in this section;
additional results can be found in Appendix A. Table 3 lists the obtained results for the
other OLSRs analyzed.

Table 3. Obtained results for the EE use profile.

Reference Type Average Relative Deviation [%]

M-1 Minimarket ! -

M-2 Minimarket 3.10
M-3 Minimarket 2.82
M-4 Minimarket 3.29
5-1 Superstore 2.05
S-2 Superstore 4.30
S-3 Superstore 3.99

1 Used for the validation of the model.

3.2. Integration of the EE Use Profile into RECON Beta Testing Environment

This section focuses on the methodology to integrate the model in RECON beta testing
environment. RECON requires an input only the opening/closing time of the OLSR, the
type of building, and an aggregate EE consumption value, be it monthly or annual.

During the analysis carried out in Section 2.1, it emerged that the EE use profile is
defined by four variables. These four variables are then derived in order to implement
the model.

The peak and base values were determined by calculating the median of the peaks
and bases of the reference energy consumption profiles for the available OLSRs, divided
in superstores and minimarkets. These values were then saved into a vector, one for the
superstore (S) and one for the minimarket (M), which are defined by the values:

S — [0.72 122 0.72}

M — {0.73 131 084 134 0.76}

The first and third elements of the S vector represent the base values of the profile,
while the second defines the peak value. Differently, the second and fourth elements of
the M vector represent the peak values, while the first, third, and fifth elements define the
base values.

Then, the difference between the OLSR’s actual opening hours and the opening hours
defined by the model (A) are estimated. These differences are defined for each month, as
reported in Table 4.

A negative value of A means that the profile generated by the model anticipate the
OLSR'’s actual opening/closing hours, while a positive value of A means that the profile
generated by the model is delayed with respect to the OLSR’s actual opening/closing hours.
For example, A = —1 means that the generated peak profile will start one hour before of
the actual opening/closing time, whereas A = 0.75 means that the generated peak profile
will start 45 min after the actual opening/closing time.

Lastly, the study of transients is performed. In this instance, the OLSRs were divided
into the two categories. Results are reported in Table 5.
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Table 4. Monthly values for Al, A2, A3, and A4.

Month Al A2 A3 A4
January -1 0.25 0.75 0
February —1 0.25 0.75 0
March -1 0 0.75 0
April -1 —0.25 0.75 0
May -1 0.25 0.75 0.25
June 0 0.25 0.75 0
July 0.25 0.25 0.5 0
August 0.25 0 0.75 0
September -1 0.25 0.75 0
October -1 0 0.75 0
November -1 0.25 0.75 0
December —-1.25 0 0.75 0
Mode -1 0.25 0.75 0

Table 5. Monthly values of 1, 42, 93, and 4. (a) Minimarket values. (b) Superstore values.

Month 71 v2 73 74
January 1.5 1 1 1.25
February 1 1 1 1.25
March 1.25 1 1 1.5
April 1.5 1 1 1.75
May 1.25 1 1 1.75
June 1.5 0.75 1 1.75
July 1.5 1 1 1.75
August 1.5 1 1.2 1.75
September 1.5 1 1 1.25
October 1.5 1.25 1 1.25
November 1.5 0.75 1 1.25
December 1.5 1 1.2 1.5
Mode 1.5 1 1 1.25
(a)
Month 71 Y2 Y3 74
January 1.25 - - 1.25
February 1.25 - - 1.25
March 1.25 - - 1.25
April 1 - - 15
May 1 - - 1.5
June 1.5 - - 1.5
July 1.75 - - 1.5
August 1.25 - - 1.5
September 1 - - 1.5
October 1 - - 1
November 0.75 - - 1.75
December 1.25 - - 1.5
Mode 1.25 - - 1.5
(b)

These values were used for the modeling of the monthly reference energy consumption

profile, while, for the yearly profile, the mode for each column is considered.
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The model, given only the opening and closing times and an aggregated monthly or
annual energy consumption value, can generate a consumption profile that fits the OLSR
being simulated. This profile is built using the four variables previously defined.

3.3. Validation of the Model

To validate the developed model, consumption data from OEDI dataset [66] have
been used, alongside data from an additional OLSR that have not been used for the model
development. To select the data most consistent with the data of the OLSRs used for
developing the model, it was necessary to identify a city included in the OEDI dataset that
falls within the same climate zone as the analyzed facilities. The city selected is Baltimore,
in the state of Maryland, which falls in the Cfa zone in the Képpen classification [47] or
in the 4A zone following the ANSI/ASHRAE Standard 169-2020 [67] (the same as Milan).
Three different buildings configuration were considered for this study, but only one is
reported in this chapter; the other can be found in Appendix B.

The model was first validated using data from a OLSR located nearby the OLSRs that
provided the data for its development. The OLSR used for the validation is characterized
by the data reported in Table 1.

The data were filtered and cleaned as previously described in Section 2.1. After
completing these steps, the three essential inputs required to model the profile (i.e., the
same inputs required by the RECON software) were provided to the code: an aggregated
energy consumption value (either monthly or annual), the type of building (minimarket
for this analysis) and the OLSR’s opening and closing hours.

The first validation was conducted on an annual basis by providing the model with the
OLSR opening and closing hours and a single aggregated energy consumption value, specif-
ically, the OLSR annual energy consumption. This value was obtained using Equation (1)
and it was equal to 19.2 kWh. The result is shown in Figure 6.

‘ Smoothing spline interpolation ——Modelled profile Relative deviation

3r -1100%

NG INg N INg
N N > o ©
Relative deviation

EE hourly consumption [kWh]
>

I 1 I I I I 0%
2 4 6 8 10 12 14 16 18 20 22 24

Hour of the day

Figure 6. Minimarket M-1 (Table 1) yearly profile model validation.

Figure 6 shows the hourly consumption in the average day of the year obtained by
real EE data; the model-generated profile is shown in blue and the relative deviations are
represented by the bars.

As noticeable from the bar graph, the generated profile does not deviate significantly
from the actual profile, with an average relative deviation of 4.93%. The largest discrepan-
cies occur during the opening and closing transients, the latter having the greatest impact.

For the validation based on monthly data, the model was provided with the same
three inputs: the opening and closing hours and a 1x12 EE consumption vector. The results
can be seen in Figure 7.
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Figure 7. Minimarket M-1 (Table 1) monthly profile model validation. In each subplot, the black line
represents the reference (smoothing spline interpolation), the blue line shows the modeled profile,
and the red bars indicate the relative deviation.

As previously described, the actual consumption curve is shown in black, the gener-
ated profile in blue, and the relative deviation in red, represented by the bar chart.

Unlike the annual-based profile, it can be observed that the relative deviation between
the actual and generated profile reaches values up to 40% during the periods from January
to March and from November to December, which correspond to the months when heating
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systems are in operation. During the summer period (June-August) the average deviation
lowers, with a value of about 12%.

The model was subsequently tested using the same procedure as above, on data from
the OEDI dataset; the case study used for the simulation is called Strip Mall [68] and it
is the one that, due to its configuration, is most similar to the analyzed OLSRs. Since
no information about this structure are available, it is not possible to conduct further
analyses regarding the discrepancies between the actual and generated profiles. The
annual simulation, using 300.5 MWh as the yearly electric consumption, gives the results
in Figure 8.
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Figure 8. Daily reference consumption profile modeled on a yearly basis, OEDI data [66].

The result obtained on an annual basis is, nonetheless, acceptable, with an average
relative deviation of 8.21%. However, the main issues regard the transients. The simulation
is then repeated on a monthly basis. The obtained results are shown in Figure 9.
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Figure 9. Cont.
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Figure 9. Monthly profile model validation, OEDI data [66].

The profile generated by the model on a monthly basis is not as accurate as the
annual-based one, with errors reaching peaks of 55-60% during some transients. However,
given the lack of information about the structure, it can still be noted that the model
performs reasonably well, taking into account that it is aimed at preliminary and feasibility
energy analysis.

The validation demonstrated that the implemented model can replicate hourly EE use
profiles of retail buildings with acceptable relative deviations on a yearly basis. Higher
discrepancies found with hourly profiles of the average monthly day in the winter season
suggest that further developments of the model should focus on the effects of heating
systems on EE consumption of retail buildings.

4. Discussion

Analyzing the results of the developed algorithm, which are presented in Section 3.1
and Appendix A, it can be seen that the model is able to generate a fairly reliable electric
energy use profile from the raw data. However, the algorithm struggles to model certain
transient dynamics when the deviation between data points is small, which leads to an
inaccurate representation of the profile (see the final profile in Figure Al). In the future,
an improvement could be to enhance the resolution of the algorithm so that it can capture
even minor deviations in the data.

Before turning to the analysis of the results of the model, it is important to emphasize
that the implemented model is fundamentally data-driven. While more complex models,
particularly those based on machine learning, were considered, they proved unsuitable
for this study since the available dataset comprises only seven buildings, which would
not provide a sufficient basis for the training required by those techniques. Consequently,
employing these methods could have resulted in lower accuracy and higher computational
costs, due to the limited datasets.

Turning to the analysis of the annual results, these demonstrate that the model has
a good ability to reproduce the daily electricity consumption profiles, although small
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discrepancies can be observed, particularly during the mid-day transients. A possible
future development will be to update the model so that it can handle better both opening
and closing times during the day, thereby improving the transition periods.

From the monthly results (see Figure 7) in addition to the deviation mentioned above,
there is a difference in the peak consumption between the modeled and the actual profiles.
This discrepancy, which is more pronounced in the winter months, could be due to the
operation of heat pumps, which increase electrical consumption. In future work, the model
could be further developed to take into account the different types of heating systems,
thereby adjusting the construction of the electricity consumption profile accordingly.

Although the model was validated and obtained good results, the validation was
limited to OLSRs that are similar to the one used for the model development. Furthermore,
since the validation was performed using data from Northern Italy, the results obtained
may be less accurate if the model is applied to an OLSR in different locations.

For this reason, it would be desirable in the future to validate the developed model
using data from other Italian regions to obtain a model that is as accurate as possible. This
would be a valuable enhancement, as it could subsequently be integrated into RECON,
enabling it to simulate more realistic scenarios. In addition, the model’s robustness could
be further improved by training and validating it on a larger dataset. Finally, another
potential application of the model could be its use for simulating consumption profiles
different from those of large-scale retail, such as office buildings, and evaluate its accuracy.

It is also important to note that the development of this model has been undertaken
with particular reference to the requirements of the REC, thereby ensuring that its design
and implementation are fully aligned with the needs of Renewable Energy Community
initiatives. Moreover, for the purpose of incentive calculations, the daily hourly profiles
are scaled by the actual number of operating days of the store, while for closure days, a
flat profile equal to the store’s base consumption is assumed. It is worth noting that an
additional refinement could involve the introduction of typical profiles for closure days.
However, such days are rare in this category, given that superstores and minimarkets are
generally open seven days a week.

5. Conclusions

The presented study deals with the implementation of a data-driven model that
generates, in an automatic way, electric energy use profiles for organized large-scale retail to
be used in RECON beta testing. The methodology involved pre-processing and normalizing
raw hourly consumption data from OLSRs, followed by the generation of representative
energy use profiles. These profiles are used as a reference for the model development,
which is then validated using different data from the one used for the model development.
The data used for the model development come from real buildings.

From the presented work, the following conclusions are drawn:

¢  The developed algorithm successfully generates normalized EE use profiles for both
minimarkets and superstores starting from raw data;

* A data-driven model was successfully developed and integrated in the RECON beta
testing environment, allowing electric energy use profile generation with minimal
inputs (opening/closing times, building type, and aggregated consumption);

* Validation on an annual basis demonstrated a low mean average relative deviation
(approximately 4-11%), while monthly simulations highlighted larger discrepancies
during cold months, likely due to heating system influences;

*  These results indicate that while the model is robust for overall consumption trends, fur-
ther refinement is needed to accurately capture transient behaviors and climatic factors.
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These findings open up future developments in enhancing model accuracy, such as
expanding the database of case studies for training purposes, incorporating additional vari-
ables (such as specific heating system characteristics), validating the model across different
geographical regions, and extending the methodology to a wider range of commercial
building types. Moreover, if in the future a large database becomes available, machine
learning techniques could be implemented to reduce computational costs.
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Abbreviations

The following abbreviations are used in this manuscript:

ANN Artificial Neural Network
ARERA  Autorita di Regolazione per Energia Reti e Ambiente

CNN Convolutional Neural Networks
EE Electric Energy

EU European Union

EV Electric Vehicle

OLSR Organized Large-Scale Retail
REC Renewable Energy Community
RECON  Renewable Energy Community ecONomic simulator
RED Renewable Energy Directive
RES Renewable Energy Source

SME Small and Medium Enterprise
SVR Support Vector Regression
Appendix A

This appendix serves to showcase the electric energy use profiles modeled through the
algorithm defined in Section 2.1. All the profiles, except for the one presented in Section 3.1,
modeled by the developed algorithm for each available retail building, are presented.
Figure A1l shows the OLSR profiles derived and used for the development of the model
implemented in the RECON beta testing environment.
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Figure A1. Profile modeled compared to the real data (on the left) and the relative deviation (on

the right).

Appendix B

This appendix serves to showcase the validation on the other two dataset coming from
the OEDI database [66]. The first analysis presented was conducted on the building called
Supermarket [69] on an annual basis, with a relative deviation equal to 9.69%. The result is

shown in Figure A2.
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Figure A2. Daily EE use profile modeled on a yearly basis, OEDI data [66].

Hour of the day

The monthly validations are shown in Figure A3.
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Figure A3. Monthly profile model validation, OEDI data [66].

The analysis presented next was conducted on a building called Stand-alone Retail [70]
on an annual basis, with a relative deviation equal to 12.61%. The result is shown in
Figure A4.



Energies 2025, 18, 2368

22 of 26

a @
=) 3
T

IS
S

EE hourly consumption [kWh]

@
S
T

10 12 14

Hour of the day

16

20

-1100%

90%

-180%

70%

-160%

50%

-140%

Relative deviation

30%

20%

10%

0%
24

Figure A4. Daily EE use profile modeled on a yearly basis, OEDI data [66].

The monthly validations are shown in Figure A5.
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Figure A5. Monthly profile model validation, OEDI data [66].

Notably, the relative deviation between the modeled and real profiles is higher com-
pared to the other analyzed cases. This discrepancy may be attributed to several factors.
For instance, the exact opening and closing times of the analyzed retail buildings were
not available, and assumptions had to be made in order to utilize the implemented model.
Additionally, differences in electrical consumption between American and European build-
ings, as well as variations in the design of the heating and air conditioning systems, which
were not precisely specified, could have contributed to the observed deviations. For these
reasons, it is challenging to definitively pinpoint the cause of the higher relative deviation
between the model-generated profile and the real profile.
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