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Abstract

Load forecasting has become a key tool, especially for distribution system operators, to
ensure optimal grid management and control. In recent years, attention has shifted toward
probabilistic load forecasting (PLF), as it can model forecast uncertainty. Because electricity
demand is strongly influenced by time-dependent factors such as seasonal patterns and
daily habits, non-parametric PLF methods are particularly suitable because they make no
assumptions about the distribution of variables. This study focuses on quantile regression
(QR), a widely studied non-parametric PLF technique that models forecast uncertainty by
only assuming a linear dependency among variables. It is applied every hour to forecast
the daily consumption of three large public buildings—an elderly healthcare center, a
biomedical research facility, and a polyclinic—with different demand variability profiles.
Forecasts are carried out using real-world consumption data and evaluated considering
both univariate and multivariate approaches. The performance of both QR approaches
is rigorously evaluated against that of two persistence-based methods through standard
evaluation metrics. For the univariate case, two aggregation levels are considered: single
buildings and aggregation of buildings. The results confirm the effectiveness of both uQR
and mQR, which consistently outperform persistence-based benchmarks. In terms of the
pinball loss (PL) function, the QR approaches exhibit values ranging from 1% to 1.8% across
all case studies. Both approaches demonstrate reliable and sharp prediction intervals (PIs);
for example, for the PI(10-90) using the uQR, the PI coverage probability (PICP) ranges
from 0.78 to 0.89 and the PI normalized average width (PINAW) from 0.09 to 0.26. Overall,
uQR achieves lower PL, whereas mQR yields slightly better PICP and PINAW results for
the building characterized by an irregular and unpredictable consumption profile.

Keywords: probabilistic load forecasting; quantile regression; multivariate forecasting
approach; public building; correlation and autocorrelation analysis

1. Introduction
1.1. Background and Motivation

The high variability and intermittency of electric loads and distributed energy re-
sources can significantly affect the proper operation of smart distribution grids, leading to
imbalances between power supply and demand [1-3]. Against this backdrop, forecasting
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techniques have become indispensable, as more accurate predictions enable distribution
system operators to manage and control smart distribution grids more effectively.

Within this broad field, LF assumes a central role, providing a key means of quantifying
both electricity consumption and demand-side flexibility [4]. Accurate forecasts not only
support the implementation of robust demand response programs that aid efficient, secure,
and reliable grid operation [5] but also drive the development and integration of local
flexibility markets [6,7], thereby enhancing the technical and economic efficiency of the
entire system.

Historically, LF in distribution systems was conducted at high levels of aggregation
(e.g., substation level) due to limitations in the availability and granularity of measurement
data. Today, the widespread deployment of smart meters across distribution networks
enables the collection of vast amounts of data with high temporal resolution (e.g., hourly
measurements) and fine spatial granularity, covering not only aggregated levels (e.g.,
primary and secondary substations) but also disaggregated levels (e.g., individual end-
users) [8,9]. This wealth of fine-grained data has opened up new approaches, such as
the hierarchical LF. It consists of forecasting loads at both aggregated and disaggregated
levels while satisfying the principle of consistency among aggregation and improving the
accuracy of base forecasts [10-12].

Electricity demand is known to be strongly influenced by exogenous factors such as
weather conditions and socio-economic variables, including holidays, weekdays, and extraor-
dinary events (e.g., the COVID-19 pandemic). In this context, an emerging research direction
is text-based forecasting, which leverages textual data—such as word frequencies, sentiment
indicators, topic distributions, and word embeddings—as a primary information source to
improve demand prediction. Textual information is transformed into numerical values and
integrated into forecasting models to enhance their predictive performance [13,14].

The predominance of deterministic forecasting methods, even within these recently
developed research streams, limits a comprehensive assessment of forecasting uncertainty.
Consequently, increasing attention has recently been devoted to PLF approaches, which
explicitly account for uncertainty and are therefore particularly well suited to address the
management and control challenges of future smart grids. Despite recent advances in this
field, PLF remains an open research area, with several aspects still requiring investigation,
such as: developing interpretable probabilistic methods suitable for operational deploy-
ment beyond mere prediction; exploiting information from additional electrical predictors;
establishing accurate and calibrated probabilistic models across various temporal and
spatial scales; and developing strategies for the optimal selection of hyperparameters.

1.2. Related Literature

LF techniques are commonly classified into three main groups: statistical, artificial
intelligence and hybrid. Statistical methods (e.g., regression analysis and time-series mod-
els) leverage historical observations to infer, model and forecast the stochastic dynamics
of physical phenomena, typically via mathematical formulations that characterize the un-
derlying variables of interest [15,16]. They are often straightforward and computationally
efficient, but they require expertise and may struggle to capture complex nonlinear depen-
dencies. Al methods (e.g., support vector machines and deep neural networks) extract
complex patterns from historical time-series data without relying on explicit mathematical
models [17-20]. Their effectiveness is enhanced by open-source software, which reduces
computational costs. Nevertheless, the limited interpretability remains a key barrier to
broader adoption. Hybrid approaches exploit heterogeneous methods to enhance the
robustness and accuracy of the resulting forecasts. For example, a statistical model can
capture the linear components of the load, while an Al model predicts the residual non-
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linear part [21]. Moreover, statistical techniques can assist Al in data preprocessing and
help reduce overfitting [22]. However, these approaches may entail a high computational
burden. Brief literature reviews highlighting the key points of the various methods are
reported in [20,23]. In the following, attention is focused on statistical approaches, as
energy system applications (TSOs, DSOs and electricity markets) require forecasts that are
transparent, interpretable and easily justifiable to non-technical stakeholders. Statistical
models explicitly capture the effects of exogenous variables, enable structured what-if
analyses and provide probabilistic outputs that can be readily validated and certified.

When statistical methods are applied to PLE, two widely used approaches can be
distinguished: parametric and non-parametric methods.

In parametric methods, the PDFs of the random variables are assumed to belong
to known classes of distributions, and their statistical parameters are usually estimated
using optimization techniques. In [24], a Gaussian mixture distribution is applied to model
residential loads. In [25], a parametric probabilistic model for hourly forecasting of the
consumption of a small town in the north of Spain is enhanced; a multi-objective genetic
algorithm is used to select relevant explanatory variables, linearly combined to predict the
PDF parameters; the procedure also determines the most appropriate distribution among
those characterized by two parameters. In [26], the traditionally used normal distributions
are enriched with a four-parameter SHASH distribution family, whose parameters are
evaluated by applying the MDN model to forecast the load absorbed by four Chilean
substations. Despite offering an excellent trade-off between statistical rigor, interpretability,
and operational efficiency, such methods may be ill-suited for PLF, as electricity demand
is inherently time-dependent and strongly shaped by seasonal variations and daily con-
sumption patterns, raising concerns about the validity of the underlying distributional
assumptions [27]. This limitation has motivated the adoption of non-parametric PLF
approaches, which forego assumptions regarding underlying PDFs, providing a more
versatile and adaptable forecasting framework.

Among the most widely adopted non-parametric statistical approaches for PLF are
KDE and QR. KDE directly estimates the PDF of the target variable by placing a smooth
“bump” (kernel) over every data point and summing them together, with the bandwidth
parameter determining the width and smoothness of those bumps. In [28], a PDF fore-
casting method centered on Gaussian KDE is proposed for the highly accurate short-term
forecasting of the load absorbed by the city of Ottawa (Canada). In [29], QR is firstly applied
to generate individual forecasts; then, the KDE is used to transform the discrete quantiles
into continuous PDFs; eventually, a perturbation search method is applied to determine
the optimal weighted combination of the PDFs. The accuracy of KDE is highly sensitive
to bandwidth selection to avoid overfitting or oversmoothing while also contending with
high computational overhead, the curse of dimensionality and inherent boundary bias.

QR directly estimates quantiles by modeling the dependence between the target
variable and a set of regressors as a linear combination, whose coefficients are evaluated by
minimizing the sum of the PL function; this approach, while computationally intensive, is
robust to outliers prone to the problem of quantile crossing, necessitating postprocessing
to maintain the logical ordering of the estimated quantiles [30]. In [31], a multivariate QR
approach for PLE, which addresses active and reactive power simultaneously, is proposed
and applied to a real-world Italian factory. A study of 100 real LV feeders [32] showed that
QR—while not always the optimal model—consistently delivers competitive performance,
serving as a robust benchmark for PLE. However, the linear model structure of QR restricts
its capacity to capture nonlinearities or complex feature interactions. This structural
limitation can result in reduced predictive accuracy when modeling intricate patterns.
Consequently, exploring more robust QR frameworks is essential. For instance, in [33], a
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QR averaging method is used to decompose complex nonlinearities into a series of linear
problems; however, this approach necessitates generating multiple forecasts, significantly
increasing computational overhead and iteration time. A reasonable classification of
QR-based probabilistic forecasting methods is found in [34]. An alternative and simple
approach is to adequately select specific factors during the preliminary analysis phase.

More recently, a method based on EC was introduced within this framework [35,36].
It achieves slightly higher accuracy than QR due to the absence of assumptions regarding
linear relationships between variables; however, despite its versatility and strong perfor-
mance across different aggregation levels, the model’s complexity increases exponentially
with the number of regressors, leading to a computational effort that is significantly higher
than that of QR-based approaches.

1.3. Research Objectives and Contributions

In this study, a non-parametric, data-driven PLF framework based on QR is proposed
to predict the electrical power consumption of public buildings. In contrast to the prevailing
literature, which largely relies on Al and machine learning techniques, the proposed
framework is built upon two QR-based models. This methodological shift is motivated by
the fundamentally different objectives of these research streams:

e Al-driven approaches [37-40] that explicitly model seasonality (e.g., daytime, week-
end, month); weather conditions (e.g., solar radiation, outdoor temperature); and
building characteristics (e.g., the number of rooms in residential buildings and occu-
pancy patterns enabled by advanced sensing infrastructures) become more important
when forecasting is carried out at disaggregated levels. In this case, the main aim is to
improve building-level energy efficiency and flexibility through BEMS. Conversely,
the proposed QR-based approaches adopt a power-system perspective tailored to
smart-grid applications, such as RECs. In these contexts, where the aggregation of
electrical loads and DERs plays a central role, the proposed framework provides ro-
bust uncertainty quantification, thereby supporting high-accuracy dispatch planning
and operational decision making.

¢  Furthermore, although QR may yield limited predictive accuracy when strong tempo-
ral linear dependencies are present, a careful preliminary analysis of the time-series
data is conducted to identify and select only the most informative regressors. This
strategy avoids unnecessary model complexity that does not translate into accuracy
improvements while ensuring limited computational effort.

Specifically, this study extends the deterministic forecasting approach presented in [41]
to a probabilistic framework and expands the empirical analysis from one (i.e., the uni-
versity research facility named PRABB) to two other public buildings at the University
Campus Bio-Medico of Rome, all involved in a REC [42]: an elderly care home (i.e., CESA)
and a hospital (i.e., POLY). Two QR techniques are employed for PLF, that are the uQR
and the mQR approaches. The uQR model is conventionally used to generate predictive
quantiles of the power absorbed by each building based on its own historical consumption
data and weather-related information. In contrast, extending and improving the approach
proposed in [31], a novel mQR is developed to generate predictive quantiles of the power
absorbed by each building by exploiting exogenous electrical predictors (i.e., the hourly
power consumption of neighboring buildings) in order to capture residual mutual infor-
mation between the target variables and enhance forecasting accuracy. Several numerical
simulations are performed, considering consumption variability (i.e., regular and highly
variable power consumption) and load aggregation levels (single building and aggregated
buildings). Numerical simulations are conducted over a 24 h forecasting horizon using a
rolling-origin scheme with a 1 h update and 24 lead times. Different consumption vari-
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ability levels of real-world public buildings are considered, ranging from regular demand
profiles (e.g., CESA) to highly variable ones (e.g., POLY). The proposed approaches are
benchmarked against two persistence methods, and the resulting prediction bounds are
analyzed for both aggregated loads and for the sum of disaggregated forecasts.

In summary, the proposed approach offers the following contributions and merit:

e The QR model focuses on a two-phase linear multivariate PLF and adopts a critical
parameters estimation analysis to avoid the need for linear programming optimization.

* It demonstrates the effectiveness of incorporating exogenous electrical predictors into
QR models for the PLF of public buildings.

e  Itintroduces novel, detailed algorithms for training and test processes for mQR mod-
els.

¢  The data-driven methodology is validated on a real-world case study, providing highly
accurate forecasts across different levels of aggregation.

The rest of this paper is organized as follows: Section 2 formalizes the forecast problem;
Section 3 details the proposed forecasting method; Section 4 illustrates the obtained results
on the three public building datasets; and Section 5 provides a final discussion.

2. Forecasting Problem Formulation

The proposed approach consists of five basic steps, which are outlined below and
summarized in Figure 1.

Figure 1. Forecasting problem formulation.

1. Problem definition: This identifies the following:
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The target variable:

—  For the uQR, it is the real-world hourly power consumption of a public
building at time ¢; it is defined as Y} withi =1,..., Ng;
- For the mQR, it is the real-world hourly power consumption of Np public

buildings at time £; it is defined as Y™ = {Y{‘, eeey YI‘\}B} .
The external variables:

-  For the uQR, they are the weather information (i.e., external tempera-
ture, humidity, and solar radiation); they are defined as ]},11, s, ];,‘NEi with
i=1 Y N, B,

—  For the mQR, they are the weather information (i.e., external temperature,
humidity and solar radiation) and the real-world hourly power consumed
by the neighboring buildings; they are defined as J17, .. ., ff‘NEi for each Y}

withi=1,...,Ng.

The temporal boundaries: forecasts are generated using a rolling origin time (i.e.,
the origin time advances hourly) to provide 24 lead times.

Data gathering and preprocessing: Forecasting is based on historical time-series power

consumption data, collected in a private or public dataset, as well as on historical

or prediction weather information, available on open-source websites. Prior to use,

power consumption data require postprocessing through a filtering analysis, which

consists of identifying anomalies (e.g., missing, duplicated, or erroneous values) and

replacing or removing them from the time series.

Preliminary analysis: This involves selecting the regressors, which in turn determine
the choice of forecasting models. Prior to this, the dataset of input variables is divided
into training and test subsets; the preliminary analysis is restricted exclusively to the

training data. This critical process involves the following;:

Data observation: This denotes the process of identifying seasonal patterns in
the dataset of the target variable on both weekly and daily horizons; this step
enables the definition of separate forecasting models for WDs and N-WDs.
Autocorrelation analysis: This describes the strength of the linear relationship
between the univariate target variable and its lagged values; it is quantified by
the autocorrelation coefficient, p. The endogenous regressors are as follows:

—  For uQR, they are lagged values with p higher than a threshold set empiri-
cally (e.g., p > 0.7).

- For mQR, they are lagged values selected using the same criteria as for
uQR. This choice is required by the two-phase procedure of the mQR, as
described in the following section: the first phase requires the application of
the uQR model for each univariate target variable; then, the outputs of the
first phase are used in the second phase as inputs of the mQR model. The
autocorrelation analysis aims to select the endogenous regressors for the
uQR stage.

Correlation analysis: This quantifies the strength of the linear relationship be-
tween the univariate target variable and external variables; this relationship is de-
fined with the correlation coefficient, r. The exogenous regressors are as follows:

—  For the uQR, they are the weather information with r higher than a threshold
set empirically (i.e., |r| > 0.5).

—  For the mQR, they are the weather information with r higher than a thresh-
old set empirically (i.e., |r| > 0.5), and the lagged values of power consumed
by the other buildings (i.e., Ng — 1) with r higher than a threshold set em-
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pirically (e.g., ¥ > 0.6). As previously stated, the correlation analysis aims to
select the exogenous regressors for the uQR phase.
At the end of this process, for both WDs and N-WDs,
*  For the uQR, the endogenous and the exogenous regressors are defined as
qul' eeey le‘fNu for each Y withi =1,..., Npg;
e For the de the endogenous and exogenous regressors are defined as
qui”, .. Xu;’\’]um for each Y}* withi =1,..., Np.

Choosing and fitting the model: The method adopted to perform PLF is the QR, which

directly calculates the quantiles of the target variable using a linear combination of

the endogenous and exogenous regressors. Two QR approaches are applied:

*  The uQR: It consists of forecasting the a,-quantile (Y)
sors X}fl, e ’XBNF withi=1,..., Ng.

u 51 u
oy of Y}* given N/ regres-

*  The mQR: It consists of forecasting the a;-quantile (Ym> of Y™ given N™ re-

g
gressors ¥7",. ..,YK}’; , with ¥} = [(Yf"’)al,..., (Yf’”)agum} fori=1,..., Ng.
Such regressors are the Q" forecasted quantiles of the Np univariate target vari-
ables, obtained by applying for Y}* the uQR™ (i.e., uQR in the mQR framework)

given as regressors Xl LIS Xu;’\’,um fori=1,..., Np.

The fitting model consists of estimating the parameters of the chosen model. Such
estimation is performed exclusively on the training subset, which is composed of 80%
of the available data. This process is as follows:

. . . . 0 _ u u
e FortheuQR, it consists of estimating the parameters (8;') ny = { ( i,1) A (ﬁ PNy ) aq]

for each Y} withi =1,. NB This process is performed using the following
training subset: M}, —{y XL INu}forv—l . Mjandi=1,...,Np.

e For the mQR, it consists of three steps: first, the uQR" model is trained; then, the
uQR"™ is applied to forecast the Q" forecasted quantiles of the N univariate
target variables; and finally, the mQR model is trained. In other words, two
fitting processes are required, each performed using a distinct training subset:

U,
7 (ﬁl ;\n]}lm) 7
/AN &

are estimated using a training subset consisting of 60% of the available
data, defined as My" = {y@?,x;1%, ... x5, } forv = 1,..., My" and i

11 7 lNUm
=1,...,Ns.

- For the mQR, the parameters of the model, (B™) oy = {( B) ny ([SIZ{}B ) “J

- For the uQR", the parameters of the model, (,Bu'”)w = (IBE{’)M, ..

with (B1"), = [(ﬁ?‘)“], ,(ﬁ?‘)aQum}fori = 1,..., Ng, are estimated
using a training subset consisting of 20% of the available data, defined
as M = yik, (gi* ) o (5mK) fork = My 41, MR and
IXQum
i= 1 NB.
Forecasting accuracy evaluation: This involves the evaluation of performance met-
rics, which is performed exclusively on the test subset. Such a subset is com-
posed of the remaining 20% of the available data and is defined as M}, =
{yuw 11 L “I{‘]’u} forw = M +1,...,M}, andi = 1,..., N for the uQR, and
= {yrv, (Au’"w) a (yf’”w)an forw=M;"+1,..., MR andi=1,...,Np
for the mQR. In the PLF framework, for each Y}* withi = 1,..., N, the forecasting
accuracy is evaluated with the following:
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* PL function: This analyzes the difference between the real observation yj'®
and the forecasted a;-quantile (7}'“)s, and then penalizes underestimation
Y > (91'")a, and overestimation yj'® < (§'™)q, asymmetrically depending
on the order of quantile &,. For a given a;-quantile, the PL function is described
as follows:

(PL?)a, = (W4 = (7)) (g = L™ < (5, }) M

where 1(+) is the indicator function (it is equal to 1 if the condition in the brackets
is true; otherwise, it is equal to 0). If a; > 0.5, the PL gives a high penalty for
underestimation; if a; < 0.5, the PL gives a high penalty for overestimation; and
if a3 = 0.5, the PL is similar to an absolute error. A low PL indicates a better
forecast because it indicates that y'“ and (7'
*  PICP: This describes the probability that the real observation y'® lies within

the PI. Given M, test data (i.e., M}, for uQR and M} for mQR), the PICP is

described as follows:

)a, are very close.

1 My AU T uw AUW
PICP = Y @) <YY< (980} (2)
X w=1

where a;, and «; are the upper and lower bounds of the PI. A low PICP indicates
that the PI is too narrow (i.e., the forecasting model is underestimating), while a
high PICP suggests the opposite. Ideally, the PICP should match the nominal
confidence level of the PI (e.g., PICP = 0.8 for PI with limits ;, = 90 and «; = 10).

¢  PINAW: This quantifies the average width of PIs normalized by the range of
real observations. Given My, test data (i.e., M}, for uQR and M} for mQR), the
PINAW is described as follows:

MZ” (7w — (G5,

uw _ uw
Mix w=1 yi,max yi,min

PINAW =

)

uw uw
i,max imin
low PINAW suggests tighter and more confident forecasts, reflecting how precise

the PIs are.

where y and y are the maximum and the minimum real observations. A

3. Forecasting Approaches

This section details the modeling and algorithms for both the uQR and mQR ap-
proaches. For the sake of simplicity and without loss of generality, both are formulated at a
given time step t, with the subscript t omitted.

3.1. Modeling
3.1.1. Univariate Approach

The forecast of a;-quantile of Y} is as follows:

(yﬂltl)lxq = x}l(ﬁ}l)“q (4)

where:

e = {x}ll, ey x}le} is the (1 x N}') vector of the measurements of regressors;
, N;

T
o (B)ay = {( S )ags e (IBBN}J)%] is the (N} x 1) vector of the estimated parameters.

The estimation of the parameters (B}'), in (4) is performed by minimizing the PL
function over the training dataset M7}, according to the following:
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(B)e, = arg min | (10~ 1y < ¥0)) 0 (327~ G00)] 6

i/kg
where:
uqT
L TR {y}ll, .. .,y? M”} is the (M}, x 1) vector of measurements of Y} in the My},
dataset;

o (§1'")a, is the (M}, x 1) vector of the forecasted «;-quantile of Y}*; it is evaluated by
applying the forecasting model (4) over the M}, data, so that the following is true:

B )ag = [ (B})a 6)

where [x%/] is the (M}, x NM) matrix of the measurements of regressors in the training

dataset, defined as follows:

xul . xul

7,1 i,N}!
utr] __ uv uv
[xi ] = | x} xz,N}’ (7)
u M, u Mg,
i Ny ]

3.1.2. Multivariate Approach

Hereafter, for the sake of simplicity, the mQR approach is formulated for Np target
variables and without weather information variables.
The forecast of the a;-quantile of Y™ is as follows:

& )ay = [ 1(B™ e (®)

where:
e [j)"]is the (Np x Np- N™) matrix of the regressors, with N = Np - Q"»; this matrix
has a block-diagonal structure such that the following is true:

AUy

[f/;"”,...,yNB} 0
[] = : : )

~Um AUy

0 {yl ,...,yNB}

where the diagonal elements are the (1 x N™) vector of the Q" forecasted quan-
tiles of the Np univariate target variables, with §" = {(yff’")al, e (9}1’”)%%} for
i=1,...,Np, and the off-diagonal elements are the (1 x N™) vector of null elements.

T
o (BM), = {(,Brln)“q, ey (ﬁ‘g}s)aq} is the (N™ x 1) vector of the estimated parameters,

T

with (B7)a, = [(BMays -/ (BMagun | fori=1,..., Na.

The estimation of the parameters (8" ), in (8) involves a three-step process: first, the
uQR™ is trained for each univariate target variable; then, it is applied to forecast the Q"
forecasted quantiles of the Np univariate target variables; finally, the outputs of the second
step are used to train the mQR model.

Step 1: It consists of estimating the parameters (B;™),, of the uQR™ model. Such
parameters (8;7 )a,, - -, ( ,B?%um )a, are estimated by minimizing the PL function in (5) over
the training dataset My, for i= 1,...,Np.

Step 2: It consists of forecasting the Q" quantiles of the Np univariate target

AUy tr

variables (yl. ) fori = 1,...,Np over the M}} dataset. Such forecasted quantiles
&¢
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(yf”’ 1) AR (}};”” M ) N are obtained by applying (4) given the measurements of regres-

sors x}fi”, o, x?}'\flg,n
[}

0=1,...,Q".
Step 3: It consists of estimating the parameters (™)., of the mQR model. Such pa-

Um

and the parameters (;

)a, estimated in Step 1 fori =1,..., Np and

rameters (B )u,, - - -, (BN, )a, are estimated by minimizing the sum of the N PL functions
over the training dataset M}} according to the following;:

Np
(B™)a, = arg min |} (1 = 1y < G }) © (V77 = (), )|  (0)
&g |i=1 1
where:
mtr ul u Mg r. m
s = [yl. oY } is the (M} x 1) vector of measurements of Y; for

i=1,..., Npin the training dataset M}};
o () v, is the (M} x 1) vector of the forecasted a4-quantile of Y™; it is evaluated
by applying the forecasting model (8) over the M}} data for each univariate target

variable, so that the following is true:

T )ay =[5 ] (BP)e, (1)
where {yf}‘"’ t’} is the (M}} x -N™) matrix of regressors, which is composed of the Q"
forecasted quantiles of the Np univariate target variables predicted over the training
dataset M}, in Step 2, defined as follows:

Al 1 Ay 1
@), - @)
1 mQum

i = z : (12)

3.2. Algorithm
3.2.1. Univariate Approach

The algorithm of the uQR approach is applied to Y}* withi = 1,..., Np. For the i-th
univariate target variable, it consists of the following three phases:

U Phase 1: Parameter estimation.
. Phase 2: Forecast evaluation.
*  Phase 3: Accuracy evaluation.

The details of each phase are presented below, followed by a flowchart in Figure 2 and
the corresponding pseudocode in Algorithm 1.
Phase 1: Estimation of the vector of parameters (B;') % forg=1,...,Q"

i.  Extract the vector of measurements of the univariate target variable y''" and the
matrix of the measurements of regressors [x:‘ t’] (defined in (7)) from the M. dataset.
ii. Express the vector of the a; forecasted quantile of the univariate target variable

(7" ”)aq as a function of the vector of parameters (B;') a by applying (6).

ili. Estimate the vector of parameters (B}) ty by solving the optimization problem in (5),
which minimizes the PL function calculated using the vectors y"'"" and (V' ”)aq
introduced above.
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Figure 2. Flowchart of the uQR approach.

Algorithm 1: Pseudocode of the uQR approach.

begin

fori =1to Np
Phase 1: Parameter estimation
forv =1to M},

save yi'’ and x/'{, ..., x/'C

Ny
end
forg =1to Q"
define (31),, = [x2"] (BY),,
solve (ﬁ}l)aq = argminggy) (1¢xq _ ﬂ{ylw < (Wtr)al,}) o ( utr _ (ﬁltr)aq) ‘1
end

Phase 2: Forecast evaluation
forw = 1 to M},
save x!'¥ = [x;-flw,. ,x:‘ﬁ]"u]
forg=1to Q"
(94 “’)aq =x'"(B}') g forecasted quantile
end
end

Phase 3: Accuracy evaluation
define a;, and a;
forw = 1 to M},

forg =1to Q"
(PL*),, = (w2 = (927),, ) (g — 1 {2 < (@2
end
PICP' = PICP + 1{ (%), <y < (), }
PINAW' = PINAW' + %
end
PICP = P}/EP

_ PINAW'
PINAW = M
end

) })

Phase 2: Forecast of the wg-quantile of the univariate target variable (7¢'%) = for

g=1,...,Q"andw =1,..., M}..

i.  Extract the vector of measurements of regressors x}'“ =

i
dataset.

q

uw uw u
[xirl ,...,xi,N;l} from the M},

ii.  Porecast the a,-quantile of the univariate target variable (7%*) y by applying (4) and

using the vector of parameters (f;') & estimated in Phase 1.

Phase 3: Evaluation of the accuracy of the forecasts through the performance metrics.

i.  Extract the measurement of the univariate target variable y}'“ from the M}, dataset.
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ii.

1il.

iv.

Vi.

Evaluate the PL function by applying (1), using y;'® extracted above and the corre-
sponding (yA}””)aq forecasted in Phase 2 forw = 1,..., M.

Define the upper and lower bounds, u and /, and extract the prediction interval upper
bound (7'“)s, and the prediction interval lower bound (7'"),, forecasted in Step 2
forw=1,..., Mj,.
Evaluate the PICP by applying (2), using y1', (71'“)s, and (71'“)s, extracted above
forw=1,..., Mj,.

Extract the maximum and minimum measurements for the univariate target variable,

yre and yit¥ , over the My, dataset.
Evaluate the PINAW by applying (3), using (7"%)a,, (77')s,, yI'¥., and yI¥.  ex-

tracted above.

3.2.2. Multivariate Approach

The algorithm of the mQR approach is applied to Y™. It consists of the following three

phases:

Phase 1: Parameter estimation.
Phase 2: Forecast estimation.
Phase 3: Accuracy evaluation.

The details of each phase are presented below, followed by a flowchart in Figure 3 and

the corresponding pseudocode in Algorithm 2.

Phase 1: Estimation of the vector of parameters (™) & forg=1,...,Q™.
This phase is composed of three steps.

Step 1: Estimation of the vector of parameters (B:")y, of the uQR™ model for
i=1,...,Ngand /¢ =1,...,Q"n.

Uy LU

i.  Extract the vector of measurements of the univariate target variable y; and

the matrix of the measurements of regressors [xl.l’" "um} (defined in (7) for the

1
M}, dataset) from the M};" dataset.
ii.  Express the vector of the a, forecasted quantile of the univariate target variable

( gum trtm U

) as a function of the vector of parameters (; )M by applying (6).
&

1

Um

iii. Estimate the vector of parameters (;

)M by solving the optimization problem

Uy, trim

in (5), which minimizes the PL function calculated using the vectors y; and

AUy trim
(5

; ) introduced above.
ay

Step 2: Forecast of the ay-quantile of the univariate target variable (y?k) fori =
&g
1,...,Ng, =1,...,Q"and k=1,..., M}

i. Extract the vector of measurements of regressors x;l’" k— [x}l’l” k, L xumk ] from

n X N
the M} dataset.

ii.  Forecast the a/-quantile of the univariate target variable (y“.‘k ) N by applying (4)

1
Um

and using the vector of parameters (;

), estimated in Step 1.
¢

Step 3: Estimation of the vector of parameters (™) o forg=1,...,Qm

i.  Extract the vector of measurements of the univariate target variable y:" e

1
the M} dataset.
~ Uy tyim

ii.  Generate the matrix [yl-

from
} as defined in (9) by collecting the Q" forecasted

quantiles of the Np univariate target variables predicted over the M}} dataset in
Step 2.
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iii. Express the vector of the a, forecasted quantile of the multivariate target variable

(gum fri )aq as a function of the vector of parameters (™) & by applying (11).

iv.  Estimate the vector of parameters (8;") #y by solving the optimization problem

in (10), which minimizes the sum of the PL function of the Np univariate target
variable calculated using the vectors ;" ™ and (gfm tr“'") introduced above.
g

Phase 2: Forecast of the a;-quantile of the multivariate target variable (#™%), for
q

g=1...,Q"andw=1,..., MJ}

i

ii.

1.

iv.

e 5

Extract the vector of measurements of regressors x;" " = {x}l’{’ wo..., x:‘;\’lfff,,} from the
v dataset.
Forecast the a/-quantile of the univariate target variable (9¥®) fori=1,...,Np, { =
&y

@ extracted
above and the vector of parameters (B"") o, forq =1,...,Q" estimated in Phase
1—Step 1.

Generate the matrix [y;%] using (yA}l’”w)W fori=1,...,Ngand £ = 1,...,Q" as
defined in (12).

Forecast the a;-quantile of the multivariate target variable (™) 4 by applying (8)

1,...,Q" and w = 1,..., M} by applying (4) and using the vector x

and using the vector of parameters (™) 4 estimated in Phase 1—Step 3.

Phase 3: Evaluation of the accuracy of the forecasts through the performance metrics

for each univariate target variable.

i
ii.

1il.

iv.

Vi.

Extract the measurement of the N univariate target variable y}'® from the M} dataset.
Evaluate the PL function by applying (1), using y'“ extracted above and the corre-

i

Amw)aq) forecasted in Step 2 forw =1,..., M}

sponding (3}}‘“’)% (collected in (§

s e
Define the upper and lower bounds, u and /, and extract the prediction interval upper
bound (7'“)s, and the prediction interval lower bound (7'“),, forecasted in Step 2
forw=1,...,MJ.

Evaluate the PICP by applying (2), using y{', (71'“)s, and (71'“)s, extracted above

m
[t 5

Extract the maximum and minimum measurements for the univariate target variable,

forw=1,...

uw

Yimax and vt over the M} dataset.
Evaluate the PINAW by applying (3), using (7%)a,, (17")a,, yi¥,, and yi¥  ex-

tracted above.

Figure 3. Flowchart of the mQR approach.
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Algorithm 2: Pseudocode of the mQR approach.

begin
fori =1to Np
Phase 1: Parameter estimation
Step 1
forv=1to M"
savey;" and X}, ..., xRl
end

for { =1 to Q"
t L fay trum m
define (yu r)a[ =[x} ! ](ﬁ? )tx,

solve
(,3:"” ) § = 18 min(ﬁ?m )
end
Step 2
fork =1to MY}

u, k

xy

u, k
:[xi,i” Lo, X

for { =1 to Q"

save x; unk 1

l‘,N,_‘lm

(lt\’.g - Jl{y“”’ < (9}"” ”)M}) ® (yi"” 4

- (), )

1

(yA;lk) = xm o ﬁ?m)w + forecasted quantile of the #QR™ model
oy 2

end
end
Step 3

forv = 1to M}
save y}lk

end
mtr

Yi
forg=1to Q™
define (ym”) o [Au”’ b ](,Bm)

end
solve

(B™),, = argminggn TN (1ag — 1{y™" < (57), }) © (v -
end

Phase 2: Forecast evaluation
forw = 1to Mp;

fori =1to Np
save x;" " = [x
for { =1 to Q"
(7)o, = 5" (B,
end

end
(H™Y)a, = [ (BM) 5 < forecasted quantile of the mQR model

end

Wy, w

umw]
il s

X
l,Nium

Phase 3: Accuracy evaluation
fori =1to Np

define a;, and o
forw = 1to M}
forg=1to Q™
(PLe),, = (2 = (589),, ) (0 — 1{w2 < (529),, })
end
PICP' = PICP' + 1{ (%), <y#* < (), }

PINAW' = PINAW' + T e~y

YimaxYimin
end
PICP = PICP/
PINAW'
PINAW = PINAW
end

@),
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4. Numerical Results

The numerical results focus on forecasting the 99 quantiles of hourly electric power
consumed by three public buildings located in Rome, each with different rated power and
end-use profiles. The forecasts are performed every hour (24 origin times) for the next 24 h
(24 lead times) using both uQR and mQR; to ensure non-crossing quantiles, the authors
applied a rearrangement procedure after making a prediction by sorting the 99 forecasted
quantiles. The results are compared with those of two persistence-based methods (i.e., that
rely on the assumption that the forecast is equal to the most recent observation). The first,
referred to as P1, sets the forecast equal to the last observed data across all quantiles (i.e.,
all quantiles converge toward a point-forecast). The second, referred to as P2, computes the
CDF of the endogenous regressors on the training dataset and then derives the quantiles of
the forecasted target variable.

4.1. Dataset

The dataset collects the hourly power consumption of public buildings through ded-
icated in-built sensors provided by the Energy Team [43], and it was provided by the
University Campus Bio-Medico of Rome. The dataset collects the hourly power consump-
tion of the following;:

*  The CESA, with a rated power of 200 kW;
¢  The PRABB, with a rated power of 1440 kW;
*  The POLY, with a rated power of 5500 kW.

CESA and PRABB have regular power consumption, as they serve a fixed number of
users and operate within predetermined time slots (e.g., fixed visiting hours for the CESA);
POLY exhibits highly unpredictable power consumption due to its direct response to medi-
cal emergencies. The three datasets collect samples with a resolution of 1 h from 1 January
2017 to 31 December 2022. To facilitate the forecasting analysis, only complete weeks are
included; thus, all datasets span 2 January 2017 to 25 December 2022 (52,416 samples). Data
about weather information are extracted from the NASA POWER website [44] and cover
the same time frame.

The three datasets present anomalies. As an example, POLY data are shown in
Figure 4a, where null, erroneous and exceeding values are highlighted. To address them,
the data were postprocessed and anomalies were replaced with the values corresponding
to the same time one week earlier. Such a substitution is not expected to introduce bias
because the number of anomalous points is very low compared to the total number of
samples. In fact, the number of anomalous points in the POLY dataset is very limited,
with 22 for WDs and 4 for N-WDs out of 37,440 WD samples and 14,976 N-WD samples,
respectively, (i.e., 0.06% and 0.03%). The results of the filtering process are shown in
Figure 4b. Given the weekly cyclical pattern (e.g., PRABB in Figure 5), the data from each
public building are grouped into WD and N-WD datasets. For uQR, the training subset is
80% of the data, spanning 2 January 2017 to 10 October 2021 (29,880 WD and 11,952 N-WD
samples), and the test subset consists of the remaining 20%, spanning 11 October 2021 to 25
December 2022 (7560 WD and 3024 N-WD samples). For mQR, the training subset M}, is
60% of the data, spanning 2 January 2017 to 9 August 2020 (22,560 WD and 9024 N-WD
samples); the training subset M}, consists of 20% of the data, spanning 10 August 2020 to
10 October 2021 (7320 WD and 2928 N-WD samples); and the test subset is the remaining
20% of the data.
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Figure 4. Power consumption of POLY: (a) gathered data; (b) filtered data.

Figure 5. Power consumption of PRABB: weekly patterns.

4.2. uQR Forecasts

Single public buildings: A uQR forecasting model for each hour to be predicted is
considered. The most suitable endogenous (i.e., past values of the power consumption)
and exogenous (i.e., weather information) regressors were selected by performing autocor-
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relation and hourly correlation analyses, respectively. As an example, Figure 6 reports the
autocorrelation (a) and correlation (b) diagrams related to CESA for the WD (left) and to
POLY for the N-WD (right) subset. Endogenous regressors are selected when their auto-
correlation coefficients p exceed a predefined threshold. These thresholds are empirically
set by balancing modeling accuracy (i.e., through the selection of the most informative
regressors) and computational burden (i.e., strictly related to the number of regressors). The
endogenous regressors are selected by choosing a threshold that satisfies p > 0.7 because
this value is sufficiently high to ensure an adequate correlation between the target variable
and its past values. The threshold setting is eventually refined to guarantee the selection
of at least two endogenous regressors but no more than three regressors, because the
numerical results indicate that including more than three regressors in the model increases
its complexity without yielding a significant improvement in forecasting accuracy. The
external temperature, humidity and solar radiation are included in the linear regression
model only if its correlation coefficient is || > 0.5, to guarantee a sufficient correlation.
The numerical results show that the inclusion of humidity and solar radiation as external
regressors in the forecasting model increases the complexity without yielding a signifi-
cant improvement in forecasting accuracy. Consequently, only the external temperature
is considered as an exogenous regressor. The uQR threshold results for each subset and
public building are reported in Table 1. The forecast models for each building and subset
are summarized in Table 2, where P, refers to the absorption at the origin time and the last
column of the table describes the hours for which the temperature T; is excluded from the
model. It is worth noting that even though the second and third lags, i.e., P;_, and P;_3,
exhibit high p values (see Figure 6a), they are not included in the forecasting model because
they are not available at the origin time for all 24 lead times. In conclusion, 24 x 24 x 2
forecasting models are developed (i.e., 24 models for each origin time and subset), resulting
in 24 x 24 x 2 optimization problems to be solved.

Figure 6. Autocorrelation (a) and correlation (b) diagrams for CESA WDs (left) and POLY N-WDs
(right).
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Table 1. uQR: autocorrelation and correlation thresholds for each subset and public building.

WDs N-WDs
Public Building
CESA PRABB POLY Tt CESA PRABB POLY T
CESA 0.92 - - 0.5 0.86 - - 0.5
PRABB - 0.90 - 0.5 - 0.78 - 0.5
POLY - - 0.74 0.5 - - 0.75 0.5

Table 2. Forecast models of the separated public buildings.

Public Hours

Subset Building Forecast Model without T;
CESA Pr=PBo+P1Por+B2Pr 24+ B3P ag+PaTi 6:00

WDs PRABB By=Bo+B1Pot+BaPr—sat B3 Pr_ss+BaTs 00:00 = 6:00, 20:00 < 23:00

POLY Pr=PBo+P1Lot+Polr—2a+P3Pr—25+PaPr_ag+P5T 3:00:6:00
CESA b= Bo+B1Por+P2Pr—23+PB3Pr—24+PaPr25+P5T; -

N-WDs PRABB By=Bo+B1Por+BaPr—a7 + B3P ag+BaTi 00:00 + 9:00, 21:00 < 23:00
POLY Pr=PBo+PB1Pot+P2Pr—23+B3Pi_04+BaPr_25 + B5Tt 00:00 + 6:00

To evaluate the accuracy of the forecasts, the standard performance metrics presented
in Section 2 are calculated. Table 3 reports the metric results for each subset (i.e., WDs and
N-WDs), building (i.e., CESA, PRABB and POLY) and forecast method (i.e., P1, P2 and
uQR). PL functions are averaged across all origin times and quantiles for the predicted
hours (i.e., 24 x 99 x 7560 for WDs, and 24 x 99 x 3024 for N-WDs); this index is also
normalized by the building’s rated power and expressed as a percentage. PICPs and
PINAWSs are averaged across all origin times. It is worth noting that the P1 method assigns
equal values to all quantiles; thus, the PL function is averaged only across origin time
for the predicted hours; PICP and PINAW cannot be calculated. Upon analyzing Table 3,
it is evident that uQR consistently outperforms P1 and P2 across all subsets and public
buildings. Focusing on the PL functions, uQR exhibits the lowest values; when comparing
uQR and P2 (both averaged over the same quantity), uQR clearly yields values at least
half smaller than those of P2. The maximum PL function is observed for POLY, with
percentage values equal to 1.51% for WDs and 1.58% for N-WDs, respectively. Regarding
PICPs, uQR accurately captures data variability because PICPs closely align with their
corresponding PIs (e.g., PICP(10-90) = 0.78 and PICP(5-95) = 0.89 for CESA on WDs).
However, for the POLY WD subset, the uQR exhibits greater values of PICPs than P2; this
was expected because no regressors were specifically designed to account for COVID-19-
related variability. Finally, in terms of PINAW, the uQR results are approximately half those
of P2 for CESA and POLY, and for PRABB, the results are comparable between the two
forecasting methods. As an example, Figure 7 reports uQR results from 14 November 2022
at 01:00 to 21 November 2022 at 00:00 (i.e., a one-week forecast with 0:00 as the origin time)
for CESA (Figure 7a), PRABB (Figure 7b) and POLY (Figure 7c). For each figure, the red
lines represent the measured power consumption (real observations), the blue dotted lines
describe the expected values (given by the median of the 99th quantiles at each hour), and
the shaded gray areas correspond to the PI(10-90) and PI(5-95) intervals.

Aggregation of three public buildings: The dataset for the aggregation of buildings was
created by summing the buildings” power consumption hour by hour, resulting in a virtual
building with a rated power equal to 7140 kW. During the preliminary analysis, a cyclical
weekly pattern was still observed, and the dataset was divided into WD and N-WD subsets.
As in previous cases, hourly forecasting models were selected based on autocorrelation
and hourly correlation analyses. Figure 8 shows the autocorrelation (a) and correlation
(b) diagrams for WDs (left) and N-WDs (right). The forecast models for each subset are
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summarized in Table 4. A comparison between Tables 2 and 4 reveals that the selected

regressors for the aggregation of public buildings (Table 4) are identical to those chosen for
the POLY model (Table 2). This outcome is due to the dominance of POLY (rated power of
5500 kW) in the aggregated data (rated power of 7140 kW), which outweighs the influence
of the other two buildings.

Table 3. Standard metrics for WDs and N-WDs: separated public buildings.

WDs N-WDs
Public Forecast
Building Method PL Function PICP PINAW PL Function PICP PINAW

(kW) (%) 10-90 5-95 10-90 5-95 (kW) (%) 10-90 5-95 10-90 5-95

P1 3.38 1.69 - - - - 3.03 1.52 - - - -
CESA P2 4.20 2.10 0.97 0.99 0.39 0.51 3.69 1.84 0.97 0.99 0.63 0.78
uQR 2.21 1.10 0.78 0.89 0.15 0.23 2.00 1.00 0.81 0.91 0.26 0.39

P1 20.8 1.45 - - - - 28.6 1.99 - - - -
PRABB P2 443 3.07 0.83 0.92 0.09 0.13 28.3 1.96 0.87 0.93 0.14 0.22
uQR 14.6 1.01 0.81 0.90 0.09 0.13 13.0 0.90 0.81 0.90 0.13 0.19

P1 124 2.25 - - - - 136 2.47 - - - -
POLY P2 186 3.39 0.84 0.91 0.33 0.41 176 3.20 0.84 0.91 0.39 0.47
uQR 83.1 1.51 0.86 0.94 0.17 0.28 86.8 1.58 0.81 091 0.20 0.30

Figure 7. One-week forecast using uQR: (a) CESA, (b) PRABB, and (c) POLY.
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Table 4. uQR forecasting models of the aggregation of public buildings.
Subset Forecast Model Hours without T;
WDs l?t = Bo + B1Por + B2Pr—_p4 + B3Pi_25 + BaPr_4g + B5T} 4:00 = 6:00
N-WDs Pt = Bo + B1Por + B2Pr—23 + B3Pi_24 + BaPr_25 + B5T} 3:00 = 5:00

Figure 8. Autocorrelation (a) and correlation (b) diagrams for WDs (left) and N-WDs (right).

To assess whether directly forecasting the aggregation of buildings improves accu-
racy compared to forecasting each building separately, the performance metrics of the
aggregated public buildings are compared with those obtained by summing the three
public building uQR forecasts for each predicted hour. The results of this comparison are
reported in Table 5 for both WDs and N-WDs. The outcomes are very similar. Focusing
on PL function, aggregating the buildings leads to a slight deterioration in this metric.
For example, Figure 9 presents contour maps of the normalized percentage PL function
for the 50-th quantile for both WDs (a) and N-WDs (b) and for both the aggregation of
buildings (left) and the sum of single buildings (right). These maps show for each origin
time (x-axis) the PL for the next 24 h (y-axis) averaged on the test days (i.e., 315 for WDs
and 126 for N-WDs). As shown, the results are similar, but on average, the aggregation of
building forecasts exhibits a higher PL. Regarding PICPs and PINAWsS, the forecasts for
the aggregation of buildings show slightly better performance. Additionally, comparing
Tables 3 and 5, the results for the aggregation of buildings closely resemble those of POLY,
further confirming the strong influence of this building on the aggregated dataset.
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Table 5. Standard metrics: comparison between the separated and the aggregated buildings.
WDs N-WDs
Dataset PL Function PICP PINAW PL Function PICP PINAW
kW) (%) 10-90 5-95 10-90 5-95 (kW) (%) 10-90 595 10-90 5-95

Aggregation of buildings
Sum of single buildings

89.5 1.25 0.86 0.95 0.15 024 95.0 1.33 0.83 0.92 0.21 0.31
88.6 1.24 0.89 0.96 0.16 026  90.7 1.27 0.85 0.94 0.21 0.32

Figure 9. PL function contour maps: comparison between the separated and aggregated buildings.

4.3. mQR Forecasts

The mQR approach involves two training processes: the first aims to train the uQR
models, and the second aims to train the mQR models. Concerning the first training process,
for each public building (e.g., CESA), the endogenous regressors consist of past values
of the building’s power consumption (e.g., CESA), and exogenous regressors consist of
past values of the power consumption of the other two public buildings (e.g., POLY and
PRABB). Such regressors were selected by performing autocorrelation and cross-correlation
analyses, respectively. As an example, Figure 10 presents autocorrelation (a) and cross-
correlation (b,c) diagrams of the PRABB for WDs (top) and N-WDs (bottom). As for the uQR
approach, endogenous and exogenous regressors are selected if their correlation and cross-
correlation coefficients exceed predefined thresholds; they are empirically set, and their
values are reported in Table 6 for each public building and subset. As shown in the table,
the most informative endogenous regressors are adequately correlated, being characterized
by p > 0.73 for endogenous regressors and by r > 0.40 for exogenous regressors. The
uQR forecasting models for each public building and subset are summarized in Table 7.
As shown in the table, the models involve only three regressors; this choice was made
to reduce model complexity. In the second training process, an mQR forecasting model
is considered for each hour to be predicted. Endogenous and exogenous regressors are
the uQR forecasted quantiles for the corresponding predicted hour. To reduce the model
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parameters and thus the computational effort of the associated optimization problem, only
11 uQR forecasted quantiles for each public building are considered, corresponding to the
order of quantiles 1, 10, 20, 30, 40, 50, 60, 70, 80, 90, and 99. Consequently, for each public
building, the mQR forecasting model uses as regressors the 11 x 3 uQR forecasted quantiles
(i.e., 11 forecasted quantiles for each public building).

Figure 10. Autocorrelation (a) and cross-correlation (b,c) diagrams of PRABB for WDs (top) and
POLY N-WDs (bottom).

Table 6. mQR: autocorrelation and cross-correlation thresholds for each subset and public building.

Public Building WDs N-WDs
CESA PRABB POLY T, CESA PRABB POLY T;
CESA 094 070 065 0.5 088 042 052 0.5
PRABB 071 095 059 0.5 046 080 044 0.5
POLY 066 059 078 0.5 053 040 073 0.5

Table 7. uQR forecasting models of the public buildings in the mQR framework.

Subset Public Building Forecast Model
CESA Py = o+ PrP,E A + By P PRABE 4 pap, POLY
WDs PRABB Pr = o+ PrP"3PP + BoP S5 + B P PO
POLY Pt = Bo + 1P, PSFY + PP, 53 A + B3P, PRABE
CESA By = o + PrPE; A + Bo P PRAPE + P, POLY
N PRABS B = o+ BRI + 2B S + fsp PG
POLY Py = Bo+ P1 PP + aP,CESA + B3P, PRABE

The accuracy of the mQR forecasts is discussed in comparison with the uQR results.
Table 8 reports the standard performance metrics for each building, forecast method

https://doi.org/10.3390/en19051200


https://doi.org/10.3390/en19051200

Energies 2026, 19, 1200 23 of 28

and subset. In general, uQR shows superior overall performance compared to mQR.
However, mQR provides slightly better accuracy in terms of both PICP and PINAW when
applied to POLY, suggesting that mQR could be an effective approach for forecasting power
consumption characterized by irregular variability. It is worth noting that the mQR model
shows, for the WD case, slightly under-dispersed predictions because the PICPs, also
calculated for other interval rates, are always slightly smaller than the nominal interval
rates. This does not apply systematically to the N-WD case. As an example, Figure 11
reports the mQR results from 14 November 2022 at 01:00 to 21 November 2022 at 00:00 (i.e.,
a one-week forecast with 0:00 as the origin time) for CESA (Figure 7a), PRABB (Figure 7b)
and POLY (Figure 7c).

Figure 11. One-week forecast using mQR: (a) CESA, (b) PRABB, and (c) POLY.
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Table 8. Standard metrics for WDs and N-WDs: separated public buildings.
WDs N-WDs
Public  Forecast
Building Method PL Function PICP PINAW PL Function PICP PINAW

kW) (%) 10-90 5-95 10-90 5-95 (kW) (%) 10-90 5-95 10-90 5-95
CESA uQR 221 110 078 0.89 0.15 023 200 100 081 0.91 0.26  0.39
mQR 266 133 065 0.80 0.13 022 221 111 081 0.92 030 047
PRABB uQR 146 1.01 081 090 0.09 013 130 090 081 0.90 013  0.19
mQR 165 115 075 085 0.08 013 150 1.03 0.82 0.89 014 019
POLY uQR 8.1 151 086 094 0.17 028 868 158 0.1 0.91 020 0.30
mQR 981 178 074 0.87 0.16 024 972 177 079 0.88 020 0.29

5. Conclusions

Non-parametric probabilistic load forecasting (PLF) is crucial for the effective control
and management of distribution grids. By avoiding assumptions about the probability
distribution, the method accurately handles the inherently high variability and uncertainty
of electric loads. In this study, two non-parametric PLF approaches based on quantile
regression (QR) are employed: the univariate QR (uQR), which forecasts the quantiles of a
single target variable given a set of regressors, and the multivariate QR (mQR), which fore-
casts the quantiles of multiple target variables using the previously univariate forecasted
quantiles as regressors. Both approaches were applied to forecast, every hour (24 origin
times), the next 24 h (24 lead times) using real-world electricity consumption data from
three public buildings in Rome. The accuracy of the uQR and mQR were then evaluated
using standard performance metrics (i.e., the pinball loss (PL) function, prediction interval
coverage probability (PICP), and prediction interval normalized average width (PINAW))
and benchmarked against two persistence-based methods. The main outcomes are as
follows:

*  Both the uQR and mQR significantly outperformed the persistence benchmarks in
terms of standard performance metrics, thereby validating the effectiveness of the
QR-based approaches.

*  Focusing on the uQR, directly forecasting the aggregation of building consumption
proved to be more effective when modeling overall prediction intervals compared to
simply summing single building forecasts. This approach resulted in improved PICPs
and PINAWSs; however, it also demonstrated a slight deterioration in the PL function.

¢ Comparing uQR and mQR, the former proved to be the most effective approach
for forecasting the power consumed by the three public buildings located in Rome;
the latter achieved slightly better results in terms of PICP and PINAW only for the
building with irregular and unpredictable consumption (i.e., POLY), suggesting that
mQR could also be an effective approach.

Future work will apply the uQR to a larger number of loads to define an optimal
strategy, which will identify, based on forecasting accuracy and computational effort,
whether to forecast the aggregated loads directly or to sum the single load forecasts.
Additionally, the mQR'’s accuracy will be evaluated by integrating meteorological variables
into the forecasting models. Finally, a comparative analysis will be conducted against more
versatile non-parametric PLF methods to assess the robustness of the current approaches.
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Nomenclature

(Bi)a, Parameter of the univariate approach of Y} related to &,

ag Quantile of order g

l“]‘ j-th multivariate external random variable of Y
] ,u] j-th univariate external random variable of Y}!
M Number of training data for the multivariate approach
MM Number of test data for the multivariate approach
M Number of training data for the univariate approach
MU Number of test data for the univariate approach
M"-" Number of training data for the univariate approach in the multivariate framework
Np Number of univariate target variables
NE, Number of external variables
N™i Number of regressors for the multivariate approach
N4 Number of regressors for the univariate approach
Nv-"  Number of regressors for the univariate approach in the multivariate framework
Qu-m Number of quantiles for the univariate approach in the multivariate framework
r Correlation coefficient
0 Autocorrelation coefficient
t Timestamp

;fj j-th univariate regressor random variable of Y}'

X;l]—m j-th univariate regressor random variable of Y}' in the multivariate framework
YH Univariate target random variables
yr Multivariate target random variables
© Represents the Schur product
1 Vector of unitary elements
1 Indicator functions

Abbreviations and acronyms

Al Artificial intelligence

BEMS Building energy management system
CDF Cumulative distribution function
CESA Center for the Health of the Elderly
DER Distributed energy resource

DSO Distribution system operator

EC Empirical copula

KDE Kernel density estimation

LF Load forecasting

MDN Mixture Density Network

mQR Multivariate quantile regression
N-WD  Non-working day

PDF Probability density function

PI Predicted interval

PICP Prediction interval coverage probability

PINAW  Prediction interval normalized average width
PL Pinball loss
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PLF Probabilistic load forecasting
POLY Polyclinic
PRABB  Advanced Research Biomedicine Bioengineering Centre

QR Quantile regression
REC Renewable energy community
SHASH Sinh-Arcsinh
TSO Transmission system operator
uQR Univariate quantile regression
uQR™ Univariate quantile regression applied in the multivariate framework
WD Working day
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