
24 June 2026

POLITECNICO DI TORINO
Repository ISTITUZIONALE

A comparative analysis of regression algorithms and a real world application of multivariable energy signatures / Eiraudo,
S., Schiera, D.S., Barbierato, L., Trifirò, A., Bottaccioli, L., Lanzini, A.. - In: ENERGY AND AI. - ISSN 2666-5468. -
22:(2025). [10.1016/j.egyai.2025.100641]

Original

A comparative analysis of regression algorithms and a real world application of multivariable energy
signatures

Publisher:

Published
DOI:10.1016/j.egyai.2025.100641

Terms of use:

Publisher copyright

(Article begins on next page)

This article is made available under terms and conditions as specified in the  corresponding bibliographic description in
the repository

Availability:
This version is available at: 11583/3004835 since: 2025-11-05T12:40:17Z

Elsevier



•
•
•
•
•

Energy and AI 22 (2025) 100641 

A
2
n

 

Contents lists available at ScienceDirect

Energy and AI

journal homepage: www.elsevier.com/locate/egyai  

A comparative analysis of regression algorithms and a real world application 

of multivariable energy signatures
Simone Eiraudo a ,∗, Daniele Salvatore Schiera a, Luca Barbierato a, Alena Trifirò b, 
Lorenzo Bottaccioli a, Andrea Lanzini a
a Energy Center Lab, Politecnico di Torino, Torino, 10138, Italy
b TIM S.p.A, Milan, 20123, Italy

G R A P H I C A L  A B S T R A C T

H I G H L I G H T S

An ecosystem of energy models is needed to improve energy efficiency.
Multivariable Energy Signatures are employed to model buildings thermal behavior.
A comparative analysis of regression algorithms and time resolutions is carried out.
Experiments consider real-world data from 103 industrial buildings.
Neural Networks are accurate, robust and scalable tools to estimate Multivariable Energy Signatures.
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 A B S T R A C T

An ecosystem of energy models of buildings is needed to boost the retrofitting process to improve energy 
efficiency and meet sustainability goals. Such models should enhance the understanding of the energy behavior 
of a building, the impact of the external variables, and the causes of inefficiencies. Energy Signatures can fill 
this role, with particular regard to the consumption due to air conditioning. Univariate models, neglecting 
the impact of solar radiation, have been widely adopted for Energy Signature analysis. This paper presents 
Multivariable Energy Signatures considering outdoor temperature and solar radiation. The application on a 
real-world dataset of multivariable non-parametric approaches stands out from previous works in the ES sector. 
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This led to a mean improvement of 0.768 to 0.804 of the coefficients of determination calculated over 103 real-
world case studies. Moreover, Neural Networks outperformed several literature algorithms regarding accuracy, 
robustness, and scalability. The paper also discusses issues regarding the time resolution of input data and 
introduces appropriate visualization tools to employ Multivariable Energy Signatures as diagnostic tools.
1. Introduction

Since the reductions of energy consumption and CO2 emissions have 
become significant concerns of the international community, the energy 
efficiency of buildings gained the attention of both institutions and the 
research community [1]. This increased interest is due to the tremen-
dous contribution of buildings to the global energy consumption. The 
United Nations estimated in 2024 that this contribution accounted for 
34% of the total global energy consumption. Moreover, buildings are 
responsible for about 10 gigatons of CO2 emission, corresponding to 
37% of the total amount of human activities-related emissions [2]. 
To date, the actions undertaken to alleviate the carbon footprint of 
this sector revealed insufficient, and exceptional efforts need to be 
undertaken in the next years to align it with the climate policy goals. 
Indeed, although the improvements achieved in the field of energy 
efficiency, just a moderate reduction of the footprint of buildings was 
registered after the consumption peak in 2015 [3]. This is due, among 
other causes, to the ongoing growth of the building stock and the 
increasing impact of some specific final uses, such as space cooling. 
The latter represented about 9% of the final energy uses in 2022 [4]. 
Notwithstanding this modest contribution, it should be noted that the 
energy consumption from space cooling has doubled over the last 
20 years and continues to grow consistently. Despite the technological 
advances in cooling systems and the corresponding efficiency improve-
ments, the electrical demand for cooling is expected to double once 
more by 2040. For these reasons, the retrofit of existing buildings has 
been indicated in the United Nations report [5] as one of the key actions 
to be undertaken. Specifically, the report claims retrofit actions should 
affect 3% of the entire existing building stock per year to meet the 
sustainability goals.

The first step to start such an extensive retrofit process is to provide 
robust and easily deployable energy audit tools, creating an ‘‘ecosys-
tem’’ of energy models of buildings [6]. These tools should, among 
others, provide reference consumption patterns, and enhance the iden-
tification of a model describing the energy behavior of a building. Both 
these tasks may be achieved using regression models. These are data-
driven tools that infer some relationship between one or more inputs, or 
explanatory variables, and an output, or dependent variable. Whenever 
the former task is intended to be undertaken, such algorithms are 
employed in a forecast fashion. Specifically, they are used to pro-
vide reference patterns or to estimate new values, for instance, future 
ones. Such algorithms are generally evaluated considering the accuracy 
of prediction of the output variable, typically energy consumption. 
Instead, when regression algorithms are employed for model identifi-
cation, they may provide valuable insights into the typical behavior 
of buildings, support the interpretation of the consumption patterns 
and the causes of inefficiencies, and allow characteristic values and 
parameters to be estimated. Furthermore, in this case, they may be 
employed for ex-ante evaluation of the benefits associated with the 
adoption of determined retrofit actions.

Over the years, researchers have developed several regression algo-
rithms, which may be grouped into two main categories: parametric 
models and non-parametric ones. The first family of algorithms refers 
to those regression models assuming a predetermined shape for the 
function that links the input variables to the output one. This is the 
case, for instance, of multivariable linear regression, where a linear 
relationship is assumed to hold between the input and output variables. 
In general, parametric models comprehend any inferential model with 
a finite number of parameters. Instead, non-parametric models do not 
2 
assume any particular form for the relationship linking explanatory 
variables and the output variable. Non-parametric models include, for 
instance, deep NNs.

As shown and discussed in Section 2, the research efforts in building 
analysis have tended to two opposite approaches. The first adopts 
trivial parametric models, such as univariate linear regression [7]. Such 
an approach is generally adopted in those implementations aimed at 
model identification due to the ease of interpretation derived from 
the minimal number of parameters used to describe the inferential 
relationship. Yet, because of the heavy assumptions made to reduce the 
model complexity, such an approach has a coarse accuracy. The second 
tendency in the literature is that of adopting highly complex non-
parametric models, such as deep NNs, for forecasting purposes. In this 
case, a great accuracy of the reference output variable may be achieved. 
However, such models are not provided with some grounding of the 
parameters, and interpretative approaches have rarely been adopted for 
regression tasks [8]. Among the other shortcomings of this approach, 
these regression models cannot be employed for the fundamental task 
of the ex-ante evaluation of energy savings.

Moreover, no general agreement exists on the time granularity that 
should be employed for regression models. Monthly, daily, hourly, and 
minute-sampling measures have been used for regression purposes in 
the building analysis sector [7]. High-sampling approaches require less 
time to acquire sufficient data to train accurate regression models. Yet, 
their performance may be affected by issues related to the long dynamic 
phenomena occurring in buildings because of thermal inertia [7], re-
sulting in inadequate models. On the contrary, low sampling rates may 
require too much time, for instance, years, to acquire enough data to 
train decent models.

This paper contributes to the research efforts in the field of re-
gression models for building analysis by providing a comprehensive 
comparative analysis of both parametric and non-parametric models. 
Indeed, several regression models belonging to the field of Machine 
Learning (ML) and traditional statistical models have been bench-
marked, by testing their performance on an extensive real-world case 
dataset. This dataset comprehends 103 industrial buildings from the 
Telecommunication (TLC) sector, a fast-growing energy-intensive
branch. Proper hypotheses are assumed to fit the experimental case 
study, considering different time granularities and multiple input vari-
ables. Moreover, the reference value provided by the trained models is 
visualized and interpreted as a MES to enhance understanding of the 
energy behavior of buildings and to provide helpful insights into the 
analysis of the impact of explanatory variables on the consumption of 
buildings. These MES consider outdoor weather variables as explana-
tory variables to infer the electrical energy consumption of buildings. 
This paper’s contributions can be resumed as follows:

• Multivariable regression models have been designed to increase 
the accuracy of the models and to provide insights into the impact 
of multiple explanatory variables

• A comparative analysis of six regression models, that is, Ordi-
nary Least Squares (OLS), polynomial regression, quantile lin-
ear regression, local regression, kernel regression, and NN-based 
regression, has been carried out

• The regression models were tested considering the different time 
granularities employed in the literature for Energy Signature (ES) 
analysis, namely, hourly, daily, and monthly time resolutions

• All the models and time resolutions were tested on an extensive 
real-world case study, including 2 years of measurements from 
103 industrial buildings from the TLC sector
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Acronyms

CP Change Point
DC Data Center
ES Energy Signature
FFNN Feed-Forward Neural Network
GBT Gradient Boosting Tree
M&V Measurement and Verification
MAPE Mean Absolute Percentage Error
MARS Multivariate Adaptive Regression Spline
MES Multivariable Energy Signature
ML Machine Learning
MLP Multi-Layer Perceptron
NN Neural Network
OLS Ordinary Least Squares
PGNN Physics-Guided Neural Network
PIML Physics-Informed Machine Learning
PINN Physics-Informed Neural Network
RMSE Root Mean Squared Error
TLC Telecommunication

Symbols and Variables
𝛼 Envelope solar absorptivity, [−]
𝛽 Vector of parameters
𝜙𝐶𝑜𝑛𝑑 Heat from the air conditioning system, 

[kW]
𝜙𝑆𝑜𝑙 Heat gain from solar radiation, [kW]
𝜙𝑆𝑡 Internal heat generation of buildings, 

[kW]
𝜙𝑇 Heat exchanged through the buildings’ 

envelope, [kW]
𝜒 Activation function
𝑏 Vector of bias
𝑒 Error term
𝐺 Horizontal solar irradiance, [W/m2]
ℎ0 Convection heat transfer coefficient, 

[ W
m2∗K ]

𝐼 Total solar irradiance, [W/m2]
𝑃𝐴𝑢𝑥 Electrical load from lights and auxiliaries 

systems, [kW]
𝑃𝐶𝐿𝐶 Conditioning system electrical demand, 

[kW]
𝑃𝐷𝐼𝑆𝑆 Electrical power conversion losses, [kW]
𝑃𝑇𝐿𝐶 Electrical load of the telecommunication 

equipment, [kW]
𝑃𝑇𝑂𝑇 Total electrical load, [kW]
𝑡 Time
𝑇𝑒𝑥𝑡 Outdoor temperature, [◦C]
𝑇𝑖𝑛 Indoor temperature, [◦C]
𝑇𝑠𝑜𝑙−𝑎𝑖𝑟 Solar-air temperature, [◦C]
𝑤 Vector of weights
𝑥 Vector of inputs
𝑋 Matrix of inputs
𝑌 Vector of outputs

• The best models are then discussed and interpreted as MES. 
The interpretation of the impact of the explanatory variables on 
different intervals of the domain was achieved by using suitable 
visualization tools.
3 
The adopted multivariable approach, along with the employment of 
non-parametric regression algorithms and the experimental application 
on a real-world dataset, constitute a novelty to the existing research 
works. The employment of the proposed methodology is intended to 
enhance ES models accuracy, while focusing the analysis on the most 
relevant variables affecting cooling consumption in buildings.

The remaining of the present work is structured as follows. Sec-
tion 2 presents a collection of relevant works that employed regression 
models, with a particular focus on ES models. Section 3 introduces 
the formulation of ES models, describes the benchmarked regression 
algorithms, and discusses the issues regarding time granularity. Sec-
tion 4 delves into the case study on which the methodology was tested 
and provides implementation details. Section 5 presents and discusses 
the results. Finally, Section 6 concludes this work and identifies future 
directions for further investigation.

2. Literature review on regression models and related applica-
tions

Regression models are tools for modeling a relationship to infer one 
output variable from one or more input variables. In other words, it can 
be seen as the function describing the response of the output variable 
to the explanatory variables. The general form of a regression functions 
is: 
𝑌 = 𝑓 (𝑋) + 𝑒, (1)

where 𝑋 is the matrix of the input variables, 𝑌  is the output vector, 
𝑓 (𝑋) is the regression function and 𝑒 is an additive error term. This 
term may comprehend statistical noise and the discrepancy between 
real output values and the modeled output 𝑓 (𝑋) due to the impact 
of un-modeled explanatory variables. The lower the error term 𝑒, the 
better the regression model. Many approaches may hence be adopted 
to minimize the error term of regression functions, including modeling 
multiple explanatory variables and employing more effective regres-
sion functions 𝑓 . Regression models have been widely adopted in the 
building analysis sector for multiple purposes, including forecasting, 
anomaly detection, and inverse modeling. Among the most important 
regression tools in this field are ES. These models infer the thermal 
consumption in buildings based on outdoor weather variables. They 
may rely on traditional statistical regression approaches or ML-based 
ones.

Traditional approaches are parametric regression models, where the 
model can be described with a finite number of fixed parameters. This 
is, for instance, the case of linear regression, where the output variable 
is a linear combination of the explanatory variables weighted according 
to a vector of parameters. Such a regression model can be written as: 
𝑌 = 𝛽𝑋 + 𝑒, (2)

where 𝛽 is the vector of the parameters, with a length equal to (𝑝 +
1), where 𝑝 is the number of explanatory variables employed, and 
an additional parameter 𝛽0 is included in the vector to represent an 
intercept term, while a column of ones is added to the input variables 
matrix 𝑋. For example, suppose a single input variable is employed in 
the regression model. This is the case of an univariate linear regression, 
where 𝑋 is a 2x𝑁 matrix, being 𝑁 is the number of elements considered 
in the problem, and 𝛽 is a vector of length 2. It is worth noticing 
that, when working with time series, 𝑁 represents the number of time 
steps considered. Many applications of this univariate linear regression 
model applied to ES analysis exist in the literature regarding both 
residential [9] and commercial buildings [10]. These approaches are 
generally implemented in a model parameter identification fashion. 
For instance, in [11], characteristic parameters of equivalent models of 
buildings are estimated. A slight modification of the linear regression 
approach is the Change Point (CP) model, established as reference 
statistical ES models for buildings thermal characterization [12]. CP 
models are univariate piece-wise regression models featuring 1 to 6 
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parameters describing the line offset, gradients, and breakpoints [13]. 
These models are generally estimated by using OLS. Yet, in [14], 
Meng et al. adopted quantile regression to fit a CP regression model. 
All these linear approaches rely on heavy and sometimes fragile as-
sumptions. Besides, they all depend on the sole outdoor temperature 
as the explanatory variable. A few examples of multivariable linear 
regression models exist in the literature. Among the others, the authors 
in [15] employed a multivariable approach. Yet, the results were only 
validated against simulated data, and the regression algorithms were 
restricted to linear ones. Other authors took advantage of more complex 
parametric models. Nagaler et al. [16] applied a sigmoid ES approach 
on residential and commercial buildings, achieving good agreement 
between this data-driven model, physics-based simulations, and real 
data. Afshari et Liu employ multivariable regression approaches in 
their work [17] to model the energy consumption of Abu Dhabi. The 
consumption is considered at an aggregated level, hence no analysis 
is possible regarding single buildings. In this case, the impact of some 
input variables is modeled as linear, while others are assumed to depict 
a non-linear impact on the output variable. A multivariable approach is 
employed in [18] to predict the electrical consumption of the lighting 
system, considering, among the others, polynomial regression and using 
horizontal global radiation as an input. In general, parametric models 
are easy to train and enhance inferential statistics analysis. Yet, they 
lack accuracy and rely on the a priori assumption of the qualitative 
form of the regression function. With regard to the complex prob-
lem of modeling heating or cooling related consumption, researchers 
frequently relied on outdoor air temperature as the sole independent 
variable for statistical models [7].

Non-parametric models overcome such limitations of traditional 
models. These regression tools do not assume any shape of the dis-
tribution of the output variable with respect to inputs and can catch 
any particular relationship despite its complexity. A typical example 
of non-parametric models is Deep NNs. This family of algorithms has 
been widely adopted in the building sector, particularly for forecasting 
purposes. Yet, it has been rarely applied to estimate ES of buildings. 
One example of non-parametric ES was provided by Westermann et al. 
in [19] to investigate the thermal behavior of a set of buildings. On 
one hand, the authors correctly point out the highly informative con-
tribution of ES to building analysis. On the other, the main drawback 
of non-parametric models is highlighted; that is, the models have no 
physical grounding. A comprehensive collection of non-parametric re-
gression models, including NNs, Gradient Boosting algorithm, Support 
Vector Machine, and others, is presented by Sekeroglu et al. in [20]. Al-
izimir et al. [21] compared statistical approaches, such as Multivariate 
Adaptive Regression Spline (MARS), and ML-based algorithms, includ-
ing Gradient Boosting Tree (GBT), NNs, and Adaptive Neuro-fuzzy 
systems, to forecast the daily solar radiation by employing temperature, 
wind speed, and humidity as inputs. GBT achieved superior perfor-
mance compared to the other algorithms. The MARS algorithm was also 
capable of providing high forecasting accuracy. Another contribution 
to this category of algorithms regarding the field of ES is from Rouch-
ier [10], which proposes a Hidden-Markov ES model and benchmarked 
it against the reference CP model. The non-parametric model proposed 
by the author enhances achieving higher regression accuracy and is 
finally employed to estimate the avoided energy consumption, that 
is, the energy savings, deriving from a retrofit action that has been 
undertaken. In the end, non-parametric models may enhance relevant 
accuracy improvements compared to traditional models. Yet, they are 
more data-intensive, as both the qualitative and quantitative aspects 
of the regression function have to be modeled and may not be easily 
employed for inferential statistics. Besides, concerning the task of Mea-
surement and Verification (M&V), they cannot be used for an ex-ante 
estimate of savings deriving from a given retrofit intervention. On the 
contrary, in physics-grounded models, different retrofit scenarios can 
be simulated by varying physically significant model parameters [16], 
thus enhancing ex-ante energy savings assessment.
4 
As observed, literature efforts have been chiefly devoted to two 
approaches. The former is characterized by adopting heavy assump-
tions to reduce the complexity of the problem. This approach tends 
to neglect the impact of multiple input variables and adopt reference 
linear regression models. This results in easily interpretable models, 
which may be employed for parameter estimation, building character-
ization, and ex-ante energy retrofit savings estimation. Yet, it results 
in low accuracy and does not provide insights regarding most of the 
variables involved in the real building thermal problem. The second 
approach takes advantage of complex agnostic regression algorithms 
to model both quantitative and qualitative aspects of the regression 
functions. This results in high accuracy and may take multiple vari-
ables as input. Yet, it does not allow many applications except for 
forecasting. Indeed, without any physical grounding of the model or 
interpretative tools, few outcomes are possible regarding understanding 
the thermal behavior of buildings, potential savings assessment, and 
detection of causes of inefficiencies. Recently, a number of approaches, 
including Physics-Informed Neural Network (PINN) [22] and Physics-
Guided Neural Network (PGNN) [23] have been introduced as part of 
the Physics-Informed Machine Learning (PIML) [24] research branch. 
Such algorithms aim at encoding and integrating physical laws into NN, 
enhancing training more general predictive models by using less data 
than ML algorithms. Yet, a few concerns of PIML algorithms, including 
optimization, convergence and computational time issues, must be 
address to develop a more stable and generalized framework [24]. 
For these reasons, further efforts are needed to establish an accurate, 
interpretable, and widely adoptable reference model for ES.

3. Methodology

Data-driven energy modeling approaches have proven to be effec-
tive in multiple applications, including energy modeling and operation. 
These approaches require lower computational and modeling efforts 
than physical models. Besides, they do not require extensive infor-
mation about the thermal layout of buildings. Among data-driven 
approaches, one established approach is that of ES. These are highly 
informative data-driven regression models, embedding the physical 
laws derived from the thermal balance of buildings. They can therefore 
enhance understanding of the thermal behavior of buildings, the impact 
of the weather variables, and the possible causes of inefficiencies. A 
robust, proficient, and wide employment of such analysis tools may, in 
turn, support benchmarking of the building stock and the estimation 
of energy savings related to specific efficiency measures. In general, 
a building’s thermal behavior may depend on (i) the internal temper-
ature, (ii) the outdoor temperature, (iii) wind speed [25], (iv) solar 
radiation [17], (v) the presence of occupants and other contributions 
to internal heat generation, (vi) the buildings characteristic parame-
ters, for instance, the total heat loss coefficient. The widely adopted 
approach of linear univariate ES operates strong assumptions regarding 
most of these aspects, reducing the problem to a mere investigation of 
the impact of the outdoor temperature to estimate the total heat loss 
coefficient. Yet, in many cases, one or more of the remaining aspects 
may heavily affect building consumption. To better understand the 
impact of these variables, it is useful to introduce the thermal balance 
equation of a generic building: 
𝑑𝑇𝑖𝑛
𝑑𝑡

= 𝜙𝑇 + 𝜙𝑆𝑜𝑙 + 𝜙𝐶𝑜𝑛𝑑 + 𝜙𝑆𝑡 (3)

where 𝑑𝑇𝑖𝑛
𝑑𝑡  is the variation of the indoor temperature over time; 𝜙𝑇

is the thermal power exchanged with the outdoor environment by con-
duction through the building envelope; 𝜙𝑆𝑜𝑙 is the heat gain determined 
by solar radiation; 𝜙𝐶𝑜𝑛𝑑 is the thermal power of the air conditioning 
system; and, finally, 𝜙𝑆𝑡 is the internal heat generation. Assuming an 
internal constant temperature is set, and the air conditioning system 
is capable of balancing the remaining contributions to maintain this 
setup point, we set 𝑑𝑇𝑖𝑛  equal to zero. Hence, the contribution of the 
𝑑𝑡
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Fig. 1. Outlook of the methodology employed for the comparative analysis of regression algorithms.
conditioning system 𝜙𝐶𝑜𝑛𝑑 will equal the negative of the remaining con-
tributions and assume a positive value if heating is needed to maintain 
the setup temperature, and vice versa, a negative value if cooling is 
required. The contribution of heat transmissions over the envelope is 
often assumed to depend only on outdoor temperature. Yet, considering 
the additional contribution of the solar radiation affecting the envelope, 
that is, using the concept of solar-air temperature [26], enhances a 
much more accurate description of the heat exchange through the 
envelope. The solar-air temperature is defined as: 

𝑇𝑠𝑜𝑙−𝑎𝑖𝑟 = 𝑇𝑒𝑥𝑡 +
𝛼 ∗ 𝐼
ℎ0

(4)

where 𝑇𝑒𝑥𝑡 is the outdoor temperature, 𝛼 is envelope solar absorp-
tivity, 𝐼 is the total solar irradiance on the envelope, and ℎ0 is the 
convection heat transfer coefficient. This coefficient may, in turn, be 
affected by the wind speed and orientation. Indeed, the higher the wind 
speed, the higher the heat exchange within the air and the building 
envelope surface [25]. The second contribution in the thermal balance 
equation, 𝜙𝑆𝑜𝑙, depends on the solar radiation, the sun’s position, and 
some buildings’ characteristic parameters, such as the Solar Heat Gain 
Coefficient. It may hence be noticed that solar radiation affects 2 out of 
three of the thermal contributions the conditioning system has to deal 
with. Finally, the internal heat gains contribution 𝜙𝑆𝑡 depends on the 
buildings’ usage, the schedules, the presence of occupants, and other 
factors. Many of these factors are rarely available on real buildings’ 
datasets. Besides, internal heat generation has a minor contribution to 
many case studies, such as the residential sector, or may be assumed as 
constant for others, such as the one we present in Section 4.1 (see Fig. 
1).

For the above reasons, this paper proposes analyzing MES, consid-
ering outdoor temperature and solar radiation as input variables. This 
is expected to enhance the study of the thermal behavior of buildings 
by including the two most relevant variables affecting the thermal bal-
ance. Finally, the thermal demand is considered the regression models’ 
output variable.

3.1. Benchmark of Multivariable Energy Signature models

To enhance a fair and comprehensive comparison of traditional 
and ML-based regression algorithms, six SoA regression architectures 
are considered. Each is trained on 103 case studies, that is, on 103 
buildings, considering different time resolutions. By considering the 
SoA contributions presented in Section 2, the following algorithms, 
employed in the papers reported in parenthesis, are considered: (i) OLS 
linear regression, (ii) quantile linear regression [14], (iii) polynomial 
regression [18], (iv) local polynomial regression [27], (v) kernel re-
gression [19], and (vi) NN-based regression [20,21]. Besides accuracy, 
the models should fit the criteria of scalability and interpretability [6]. 
The accuracy and scalability of the models are evaluated by considering 
respectively the coefficient of determination 𝑅2, the MAPE and RMSE, 
and the computational time, calculated over the different time resolu-
tions. Moreover, the data are split into train and test datasets, by means 
5 
of time-series split, using a proportion of 2∕3 and 1∕3, respectively. The 
coefficient of determination is calculated separately for the two subsets 
of data to discuss the models’ robustness and capability to generalize. 
Finally, the graphical tools introduced in 3.2 enhance the interpretation 
of the regression models.

3.1.1. Ordinary Least Squares Linear Regression
Multivariable Linear regression [28] foresees that the predicted 

variables are computed as a linear weighted combination of explana-
tory variables. In our case study, this can be written as: 

𝜙𝑐𝑜𝑛𝑑 = 𝛽0 + 𝛽𝑇 ∗ 𝑇𝑒𝑥𝑡 + 𝛽𝑆𝑜𝑙 ∗ 𝐺 + 𝑒, (5)

where 𝛽0 is the offset of the regression function, 𝛽𝑇 𝑒𝑚𝑝 is the tem-
perature coefficient, 𝛽𝑆𝑜𝑙 is the solar radiation coefficient, and 𝐺 is 
the horizontal total radiation. The OLS method is the most commonly 
adopted approach to fit linear regression. In this case, the regression al-
gorithm aims to minimize the residual sum of squares between the real 
values and the predicted output values. Notice that several hypothe-
ses should be considered when adopting a linear regression model, 
including linearity, homoscedasticity, and lack of multicollinearity. In 
the literature, linear regression models have been frequently adopted 
without ensuring full compliance with the mentioned hypotheses. Ho-
moscedasticity and linearity will be discussed in Section 5. Regarding 
multicollinearity, it is worth pointing out that the input variables 
considered for our multivariable regression task are expected to depict 
a strong correlation; that is, they are collinear. Notwithstanding the in-
fraction of the hypotheses that should be adopted to use this model, this 
paper considers linear regression as a reference benchmark algorithm 
employed to enlighten and discuss some related issues. For the sake 
of brevity, we will hereafter refer to this approach simply as Linear 
Regression.

3.1.2. Quantile Linear Regression
Another approach to Linear Regression is employing the method 

of Quantile Regression [29]. In this case, the algorithm assumes the 
conditional median as the reference output value instead of the con-
ditional mean, which OLS regression employs. Quantile Linear Re-
gression is more robust to outliers concerning OLS regression. In the 
present analysis, this algorithm is considered in particular to investi-
gate whether it may provide more robust and generalizable regression 
models concerning the more widely adopted method of Ordinary Least 
Squares.

3.1.3. Polynomial Regression
Multivariable Polynomial Regression is a regression approach where 

explanatory variables comprehend both the original input variables 
and the higher-degree terms that can be derived from the same input 
variables. In this sense, it may expand the multivariable regression 
approach, considering additional input terms. This approach is imple-
mented in this analysis considering terms up to the second degree. In 
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this case, the regression model can be described as follows: 
𝜙𝑐𝑜𝑛𝑑 = 𝛽0 + 𝛽𝑇 2 ∗ 𝑇 2

𝑒𝑥𝑡 + 𝛽𝑆𝑜𝑙2 ∗ 𝐺2+

+ 𝛽𝑇−𝑆𝑜𝑙 ∗ 𝑇𝑒𝑥𝑡 ∗ 𝐺 + 𝛽𝑇 ∗ 𝑇𝑒𝑥𝑡 + 𝛽𝑆𝑜𝑙 ∗ 𝐺 + 𝑒
(6)

where 𝛽𝑇 2 , 𝛽𝑆𝑜𝑙2 , and 𝛽𝑇−𝑆𝑜𝑙 refer to the regression coefficient of the 
second-degree terms. This formulation solves the regression problem 
as a standard linear regression problem.

3.1.4. Local Polynomial Regression
Local Polynomial Regression [30] is a classical method in the sense 

that it is based on the least squares estimation method. Yet, it provides 
a much more flexible approach than ordinary linear regression, as it is 
built on the intuition of fitting simple polynomial functions to localized 
data subsets [27]. This results in a regression function that can, in 
principle, fit any shape. For this reason, Local Polynomial Regression 
is considered a non-parametric method. This approach provides several 
advantages. In particular, it does not require a prior definition of the 
function qualitative form and is more flexible for standard least squares 
methods. Yet, it is computationally expensive, and a non-parametric 
model cannot be described using a finite parameters function. This 
paper implements this method by considering a second-order degree 
polynomial to fit data locally. This complies with the method’s basic 
intuition, which is considering low-order polynomial for sub-domain 
estimation to avoid data over-fit [30]. For the sake of brevity, we will 
hereafter refer to this algorithm as Local Regression.

3.1.5. Kernel Regression
In the same way that Local Regression, Kernel Regression [31] 

is a statistical approach to regression problems. Besides, these two 
methods share a local adaption to data to provide a non-parametric 
regression model. Yet, while Local Regression fits a defined polynomial 
regression function to a limited local sub-domain, Kernel regression 
employs kernel functions, typically the Gaussian one, to account for the 
dataset elements’ proximity to a specific point. Kernel regression may 
result in even higher computational complexity than Local Regression. 
Yet, its extreme flexibility enhances handling any complex relationship 
between the output and the explanatory variables.

3.1.6. Neural Network-based regression
NNs are a family of ML models characterized by a biology-inspired 

form, including several different architectures, which may be divided 
into two main sub-categories, namely Feed-Forward Neural Network 
(FFNN) and Recurrent Neural Networks. One of the simplest NN archi-
tecture is the Multi-Layer Perceptron (MLP), firstly described in [32]. 
This is a fully connected FFNN, including an input layer, an output 
one, and one or more hidden ones. Each layer comprehends one or 
more perceptrons. These are simple elements performing the following 
operation: 

𝑎 = 𝑓 (𝑥) = 𝜒(⟨𝑤, 𝑥⟩ + 𝑏) (7)

where 𝑥 is the input vector, 𝑤 is the weighting trainable vector, 𝑏 is 
a trainable bias vector, and 𝜒 is the activation function. By feeding 
the input layer with the explanatory variables and each successive 
layer with the output of the previous one, the network finally outputs 
the dependent variable. Assuming that the network features multiple 
hidden layers, comprehending several perceptrons for each one, it may 
be considered a non-parametric regression model. To the aims of our 
analysis, we employed a 2-hidden layer NN. The training procedure was 
realized by setting the batch size equal to one month of measurements. 
The remaining NN hyperparameters were determined by an automated 
procedure as described in Section 4.2.
6 
3.1.7. Time resolution analysis
Different alternatives regarding the time resolution to be employed 

for ES have been proposed by researchers. For instance, the hourly 
time resolution is used in [10,16,19]. On the contrary, daily mean data 
were preferred in [25]. Finally, a few authors considered using monthly 
mean data [7]. The time resolution impact on building energy models 
is twofold. First, thermal load and weather time series generally show 
high autocorrelation values, which are linked to the building’s thermal 
mass effects. The second aspect is time series periodicity, typically 
determined, regarding buildings, by operation schedules. According to 
Fu [7], using lower resolution data, for instance, daily, is an effective 
solution to this. Similar concerns are reported by other authors, such 
as Rasmussen in [25], which considers that the daily time resolution 
allows the analyst to neglect the impact of thermal inertia. Never-
theless, the decrease in time resolution would come with a cost. In 
real-world scenarios, too much time would be needed to collect enough 
data to train most regression models. Besides, energy models designed 
on coarse data would not be helpful for some tasks, such as Operation 
and Maintenance or anomaly detection. Considering the alternatives 
proposed in the literature regarding the time resolution to employ for 
ES purposes, this analysis comprehends hourly, daily, and monthly time 
granularities. The three time series resolutions are employed to train 
all six regression models separately and tested on the 103 real-world 
datasets. Finally, they are evaluated and commented on considering 
accuracy, scalability, and generalization capability.

3.2. Employment of Energy Signatures as inspection tools

Employing proper visualization tools may finally enhance the diag-
nostic task and the qualitative understanding of the thermal behavior 
of the considered buildings. To this aim, three visualization tools for 
MES are considered. The first option is to provide the most relevant 
input variable on the x-axis and the output variable on the 𝑦-axis. A 
reference line will describe the regression model in a univariate fashion, 
while the contribution of one or more additional variables determines 
the dispersion of points around this line. This visualization tool may 
eventually be employed for models considering any number of input 
variables, beholding a quick and trivial visualization of the impact of 
one fundamental explanatory variable [25]. On the contrary, the effect 
from only two input variables can be described for 3-D style MES and 
heat maps. Yet, in this case, a much more accurate description of the 
contribution of the second explanatory variable to the final output is 
achieved.

4. Case study and experimental set up

In addition to the methodological steps described in the previous 
sections, which represent the general framework and are intended 
to be applied to any building analysis, a few additional instances 
regarding the specific case study of application are presented here. In 
addition, for the sake of transparency and replicability of the results, 
we briefly comment on the experimental setup and the software details 
in Section 4.2.

4.1. Case study

The proposed methodology has been applied to a dataset of 103 
buildings. The dataset contains two years of aggregated buildings’ 
hourly electrical load values. These values hence include any contri-
bution to electrical consumption. No information is available regarding 
single electrical contributions or final uses. Besides, the dataset includes 
the hourly measures for outdoor temperature and Horizontal Solar 
Radiation, expressed ◦C and W∕m2 respectively.

These measures were collected from 103 Data Centers (DCs) of an 
important TLC service provider in Italy. The TLC networks and their 
management buildings have massively increased their contribution to 
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final energy demand, reaching share of 2.8–3.8% of total electricity use 
in Europe, corresponding to a 70–95 TWh of electricity in 2022 [33]. 
DC are industrial buildings characterized by high internal loads, which 
determine high internal heat density generation. The buildings are 
located in different regions of Italy, covering a wide spectrum of 
climatic conditions. Indeed, the buildings stock investigated covers all 
the 7 climatic classes identified by the Climatic Severity Index. Most 
of the analyzed buildings are characterized by a sporadic presence of 
occupants, resulting in an irrelevant contribution to the final electrical 
demand by people, and by continuous operation. In such cases, the 
operative schedules are expected not to play an important role in 
the energy profiles of the buildings, mitigating the negative effect of 
periodicities while employing hourly resolution time series [34]. Yet, 
the dataset also includes DC buildings hosting some office areas. In 
this case, the time series will depict stronger periodicities, and using 
low-resolution data is expected to result in more reliable outcomes. 
In both cases, the two most important contributions to the buildings’ 
final energy demand are the TLC equipment and the cooling systems 
employed to avoid overheating the equipment. The energy balance [34] 
of DCs is described as: 
𝑃𝑇𝑂𝑇 = 𝑃𝑇𝐿𝐶 + 𝑃𝐷𝐼𝑆𝑆 + 𝑃𝐶𝐿𝐶 + 𝑃𝐴𝑢𝑥 (8)

where 𝑃𝑇𝑂𝑇  is the aggregated electrical load, 𝑃𝑇𝐿𝐶 is the contribution 
from the TLC equipment, 𝑃𝐶𝐿𝐶 is the conditioning system demand, 𝑃𝐴𝑢𝑥
represents the load from the lighting system and the auxiliaries and 
𝑃𝐷𝐼𝑆𝑆 accounts for the energy conversion losses.

In order to provide an energy model in the form of a ES, the 
explained variable, in this case, the electrical consumption, shall be 
expressed as a function of the weather variables, 𝑇𝑒𝑥𝑡 and 𝐺. By consid-
ering that the contributions 𝑃𝑇𝐿𝐶 , 𝑃𝐴𝑢𝑥, and 𝑃𝐷𝐼𝑆𝑆 are not affected by 
the weather variables, it is derived that: 
𝑃𝑇𝑂𝑇 (𝑇 ,𝐺) = 𝑃𝑇𝐿𝐶 + 𝑃𝐷𝐼𝑆𝑆 + 𝑃𝐶𝐿𝐶 (𝑇 ,𝐺) + 𝑃𝐴𝑢𝑥 (9)

It is worth noticing that the conditioning system load 𝑃𝐶𝐿𝐶 is the 
only load quota depending on the weather variables. 𝑃𝑇𝐿𝐶 and 𝑃𝐷𝐼𝑆𝑆
may generally assumed as constant over time for DC, hence will not 
affect the regression models, except for the determination of a constant 
offset of the ES models. Finally, 𝑃𝐴𝑢𝑥, which comprehends the auxiliary 
systems as well as lighting and other minor load quotas, is variable 
in time and may, in particular, depend on building schedules but may 
be considered independent of the weather variables. This may easily 
result in a non-causal correlation if hourly resolution is considered. 
For instance, in the case 𝑃𝐴𝑢𝑥 features high values during the day, 
this load contribution would positively correlate with temperature and 
radiation, which generally depict higher values during the day. These 
considerations confirm what is anticipated in Section 3.1.7, that is, on 
the one hand, that the aggregated consumption values 𝑃𝑇𝑂𝑇  may be 
safely employed for ES purposes whether daily or monthly resolution 
data is used. On the other hand, hourly values should be employed 
carefully, considering the issues related to non-causal correlation and 
thermal inertia.

4.2. Experimental set up and software details

All the algorithms were designed and trained in the Python environ-
ment and conducted using a Python 3.9 interpreter. All the experiments 
were carried out with a laptop with an 11th Gen Intel Core i7-1165G7 
processor and 16 GB RAM.

The linear and polynomial regression models were designed using 
the Scikit-Learn library [35]. The QuantileRegressor class from the 
same library was considered to perform quantile regression. In our 
implementation, highs was employed as a solver. Local Regression was 
performed using the localreg library [36]. The Epanechnikov kernel 
function is employed and considers a domain fraction of 0.66. A 
grid-search procedure was undertaken to set the value of the hyper-
parameters, namely the regression degree, the kernel function and 
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its width. Kernel Regression was implemented in the statsmodels li-
brary [37]. The hyperparameters of the algorithm were optimized 
by means of the cross-validation least squares method implemented 
by statsmodels. The NN was designed using the Scikit-Learn library. 
The MLPRegressor class and the library’s model selection tools were 
employed. This allows an automatic grid-search-based selection of the 
NN hyperparameters. In this analysis, the hyperparameters considered 
in the procedure were the number of neurons, the activation functions, 
the learning rate 𝛼, and whether it was a constant or adaptive rate.

5. Experimental results and discussion

The methodology presented in Section 3 was tested considering the 
case study presented in Section 4. As mentioned, the electrical load data 
from 103 buildings were considered along with the historical weather 
variables series. The raw data first underwent a coarse preprocessing 
step to clear the dataset from the possible presence of measure errors. 
First, the data, proceeding from different meters and provided with 
varying resolutions of time, were re-sampled considering hourly mean 
values. A unique dataset, indexed by the data and time of the measures, 
was obtained. Then, a domain was considered for both input and output 
variables. In particular, the solar radiation values were imposed to be 
non-negative and lower than 1376 W∕m2, and the electrical load was 
set to be positive, thus excluding NaN and zero values. The measures 
presenting one or more variables outside the domain were excluded 
from the dataset. Hence, the electrical load data were altered and 
anonymized to guarantee privacy and data protection to the provider. 
The electrical load data are hereafter handled as anonymous ones. For 
this reason, they rely on an arbitrary unit measure, and the electrical 
load labels on the plots do not report any unit of measure.

A second re-sampling step was undertaken to produce the daily and 
monthly resolution datasets. Finally, the datasets from each single case 
study, that is, from each single building, were divided into explanatory 
and dependent variables and train and test subsets. In particular, 
weather variables were included in the input variables dataset, while 
the electrical load was set as the output variable. The test dataset was 
built on a randomly selected 33% portion of the measures from each 
case study.

5.1. Benchmark of regression models

Each of the six regression models presented in Section 3.1 was fed 
with the data provided with each of the three-time resolutions and 
trained for every one of the 103 case studies, resulting in a total of 
1854 trained models. An overview of the results from the different 
regression models is presented in Table  1, where mean values of the 
coefficient of determination 𝑅2 from the 103 case studies are reported. 
The first column reports the reference univariate regression model 
results, implemented according to the methodology detailed in [38]. 
The bold numbers indicate the highest score for each single regression 
model for train and test subsets. It may be easily seen that the use of 
the data with monthly resolution resulted in the highest model train 
fit for all the considered regression models. Yet, it is evident that the 
models are frail and have a low generalization capability. Indeed, the 
𝑅2 score values reported for the test set were consistently lower for all 
the regression models considered. The low generalization ability of the 
models is even more evident for more complex models, in particular 
the Kernel, Local Quadratic, and NN-based regression models, while 
the benchmark univariate model stood up to be the most reliable model 
to employ monthly resolution data thanks to a mean 𝑅2 of 0.74. The 
poor generalization capability achieved by using this time resolution 
may depend, to some extent, by the reduced number of points (24 in 
this case, since the dataset contained 2 years of measurements). This 
limitation would remain for many practical cases, as the acquisition 
of a sufficient amount of measurement points would require too much 
time.
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Table 1
Mean coefficient of determination retrieved for the 103 considered case studies. Bold numbers indicate the best result over different 
time granularities, the cell background indicates the best algorithm performing on the train set, while a green background highlights 
the best algorithm regarding the test set.

Univariate ES Linear Polynomial Quantile Kernel Basic MLP Local Quadratic
Train Test Train Test Train Test Train Test Train Test Train Test Train Test

Monthly 0.832 0.740 0.819 0.677 0.887 0.687 0.791 0.646 0.887 0.637 0.953 0.612 0.941 0.290
Daily 0.766 0.768 0.726 0.718 0.783 0.780 0.716 0.709 0.831 0.803 0.825 0.804 0.794 0.787
Hourly 0.660 0.660 0.647 0.648 0.692 0.694 0.639 0.641 0.726 0.722 0.720 0.721 0.702 0.703
Table 2
MAPE retrieved for the 103 considered case studies. Bold text and cell background colors are employed in the same way as 
in Table  1.

Univariate ES Linear Polynomial Quantile Kernel Basic MLP Local Quadratic
Train Test Train Test Train Test Train Test Train Test Train Test Train Test

Monthly 3.88 4.23 4.22 5.11 3.03 4.58 3.95 5.29 2.94 4.58 1.61 5.13 2.06 6.53
Daily 5.47 5.69 5.79 5.69 4.92 4.72 5.70 5.61 4.26 4.33 4.36 4.34 4.81 4.63
Hourly 6.64 6.72 6.99 7.04 6.23 6.30 6.88 6.94 5.78 5.89 5.85 5.91 6.10 6.17
Table 3
RMSE retrieved for the 103 considered case studies. Bold text and cell background colors are employed in the same way as in 
Table  1.

Univariate ES Linear Polynomial Quantile Kernel Basic MLP Local Quadratic
Train Test Train Test Train Test Train Test Train Test Train Test Train Test

Monthly 5.88 7.09 6.36 7.88 4.92 7.43 6.78 8.39 5.05 7.43 3.23 8.35 3.51 9.95
Daily 7.87 7.86 8.72 8.73 7.61 7.68 8.92 8.89 6.79 7.19 6.87 7.14 7.45 7.55
Hourly 11.45 10.97 11.19 10.53 10.43 9.73 11.33 10.67 9.91 9.29 10.02 9.32 10.32 9.62
Table 4
Confidence intervals estimated for the different performance metrics (𝑅2, MAPE, and RMSE), and regression algorithms, reported 
for the results from daily data resolution.
 Univariate ES Linear Polynomial Quantile Kernel Basic MLP Local quadratic 
 R2 0.748–0.786 0.700–0.743 0.759–0.803 0.680–0.732 0.784–0.823 0.782–0.820 0.770–0.804  
 MAPE 4.59–7.44 5.22–6.20 4.38–5.19 5.17–6.11 4.02–4.68 4.04–4.69 4.31–4.99  
 RMSE 5.88–15.36 6.31–12.67 5.33–10.93 6.36–12.74 5.11–9.84 4.97–9.93 5.28–9.78  
The use of hourly resolution was found to lead to low regression 
accuracy, as it can be seen by considering the results reported for the 
𝑅2, MAPE and RMSE metric in Tables  1, 2, and 3 respectively. Contrary 
to what resulted from the monthly resolution, in this case, the models 
featured a good generalization ability, with 𝑅2 score values aligned 
with the model’s performance on the train set. The more complex re-
gression models achieved the best performance. Specifically, the Kernel 
regression algorithms slightly outperformed the NN-based regression 
model, featuring a coefficient of determination for the test set of 0.722 
against 0.721, and a MAPE of 5.89% against 5.92%. Yet, the overall 
performance was often below the one reported using the monthly reso-
lution datasets and always below the one from daily data. Indeed, daily 
data sampling resulted in the best performance for all the regression 
models, in terms of 𝑅2 score. In the case of the kernel, local and NN-
based regression algorithms, such time resolution also achieved the best 
results in terms of MAPE and RMSE. Besides, the values reported from 
the train and test sets were aligned. All the models, except the two 
linear models (OLS and Quantile), could outperform the benchmark 
univariate model. The NN-based regression model slightly overcomes 
the performance from the Kernel regression, resulting in a 0.804 mean 
𝑅2 score. A more extensive representation of the performance of the 
models is reported in Fig.  2. It is worth remembering that the Kernel 
and NN-based regression models achieved coefficient of determinations 
over 0.6 for 100 and 101 over 103 buildings, respectively. Besides, 
their 𝑅2 values overcame 0.8 for 58 and 59 buildings, respectively. 
The superior performance of the MLP and Kernel-based methods with 
respect to the others can be demonstrated by considering the 95% 
confidence intervals of the performance metrics calculated by means of 
the Bootstrap method, as reported in Table  4 for daily time resolution.
8 
5.2. Discussion on models performance and computational time

The results retrieved for the different models and time resolutions 
are here discussed, considering the gaps existing in the literature, 
as reported in [7], describing the advantages and limitations of the 
traditional [28,29] and ML-based algorithms [30–32] presented in 
Section 3.1, and determining the most adequate time sampling to be 
employed for ES. Then, the models are interpreted to better draw 
insight into the energy behavior of the investigated buildings.

First, normality, independence, and homoscedasticity of residuals 
tests were undertaken to assess the validity of the regression assump-
tions. While independence of residuals was proved for any regression 
algorithm and the vast majority of case studies, only the local, ker-
nel, and NN-based regression algorithms provided also normal and 
homoscedastic residuals for most of the analyzed buildings.

The reasons for the superior performance of NN and Kernel re-
gression may be better understood by considering the fitted regression 
models shown in Fig.  3. These plots, derived from a case study and 
considering daily resolution data, show the most relevant explanatory 
variable on the 𝑥-axis and feature the output on the 𝑦-axis. The in-
ference drawn from the additional explanatory variable, in this case, 
the solar radiation, is responsible for the displacement of predictions 
(i.e. colored points) from the reference univariate regression line. Two 
clues are particularly evident in this Figure. First, the linear regression 
models (Lin and Qua in the figure) poorly fit the data distribution, 
particularly regarding the regions close to the domain boundaries at 
low and high temperatures. This would confirm the hypothesis of 
linearity of the models only for a limited part of the data, while relevant 
deviations from this behavior happen in the remaining parts. A similar 
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Fig. 2. Statistical representation of the coefficient of determination 𝑅2 retrieved by the considered regression algorithms over the 103 real-world case studies.
Fig. 3. Reference regression lines and predictions from the different regression algorithms for a case study (building G). The predictions are displayed by means 
of colored points, while the reference lines represent the mean expected output, at a given outdoor temperature. The gray points represent real values.
limitation affects the polynomial regression model (Pol in the figure) 
and, to a minor extent, the local regression algorithm (Loc in the figure). 
On the contrary, the Kernel and the NN-based models (NN and Ker in 
figure) properly fit the data, featuring varying slopes on low, intermedi-
ate, and high temperatures regions. The first region is characterized by 
a constant electrical load, whose value is hence independent of the out-
door temperature. This behavior is typical of an unconditioned region. 
The load increases in the intermediate region, showing a quasi-linear 
relationship with the outdoor temperature. These two behaviors comply 
with the typical thermal behavior of buildings, which is assumed to 
design the benchmark univariate regression model and described more 
in-depth in [38].
9 
Finally, a deviation from the linear relationship may be observed 
at high temperatures. The second clue from this figure concerns the 
dispersion of points around the reference regression line, which, as 
mentioned, depends on the inference drawn by the model from the 
additional explanatory variable. The OLS, the quantile, and the poly-
nomial models feature the lowest dispersion of predictions. It is saying 
that these models could not capture and model solar radiation’s impact 
on electrical load. On the contrary, the other models all show a relevant 
dispersion of points. It is worth noticing that the distance of the points 
from the line is not homogeneous over the domain. This implies that the 
impact of solar radiation is modeled differently in different temperature 
ranges, as will be later discussed.
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Table 5
Mean computational times, reported in seconds, needed to train a regression 
algorithm for one case study from the different MES models, according to the 
different time resolutions.
 Lin Pol Qua Loc Ker NN  
 Monthly 8.9 ⋅ 10−4 2.4 ⋅ 10−3 2.7 ⋅ 10−3 2.3 ⋅ 10−3 4.2 ⋅ 10−1 1.4 ⋅ 100 
 Daily 1.1 ⋅ 10−3 2.1 ⋅ 10−3 1.3 ⋅ 10−2 1.1 ⋅ 10−1 8.3 ⋅ 100 1.4 ⋅ 100 
 Hourly 1.6 ⋅ 10−3 3.2 ⋅ 10−3 2.5 ⋅ 100 2.3 ⋅ 101 1.1 ⋅ 103 6.8 ⋅ 100 

Fig. 4. Logarithmic representation of the mean computational time needed to 
train the different regression algorithms for one case study.

Then, the scalability of the models is discussed, considering the 
computational times reported for the models’ training. The mean com-
putational time needed to train each regression model for one single 
case study is reported in Table  5. Besides, these results are represented 
in the logarithmic plot in Fig.  4 to enhance a quicker and more effective 
analysis. In this graph, it may easily be observed that parametrical 
models (the OLS, the quantile, and the polynomial) are computationally 
much less expensive than non-parametrical ones. Yet, the quantile 
regressions suffer a relevant increase in computational time for train-
ing as the considered datasets include more data points. The Local 
Quadratic model features a similar behavior. The NN regression model 
is the most time-expensive as low-sampling data are used, with a 
mean computational time over 1 s for each case study. Yet, the model 
features good scalability, with computational time increasing by just 
about 4 times as time resolution is augmented by 720 times, moving 
from monthly to hourly data. On the contrary, the kernel regression 
model was revealed as not scalable, as the complexity of training 
exponentially increases over different time granularities, leading to 
mean training times of about 8.3 and 1100 s per case study for the 
daily and hourly data sampling, respectively. Hence, considering the 
accuracy of predictions, the generalization capabilities, and the good 
scalability, the NN-based model considering hourly measures is selected 
as the most proper regression tool. This model could enhance the ES 
accuracy to a MAPE of 5.2%, concerning the 5.7% reported by the 
benchmark model.

5.3. Interpretation of the Multivariate Energy Signatures

Finally, MES may be employed as diagnostic tools to interpret the 
thermal behavior of buildings. To better understand the impact of 
both the considered explanatory variables, the fitted regression models 
should represent both the input and output variables explicitly, for 
instance, by employing a 3-D surface plot (Fig.  5) or simply a heatmap 
(Fig.  6). The former represents the non-parametric regression model 
trained for one of the considered case studies. The MES represented in 
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Fig. 5. 3-d style MES from building B.

Fig.  5 highlights the typical thermal behavior mentioned in the previous 
section. In particular, it features a typical constant and low consump-
tion region corresponding to low outdoor temperatures, representing 
the un-conditioned region. In this area, activating the cooling machines 
is not necessary to cool down the DC equipment and guarantee the 
respect of the prescribed temperature set points. In this region, neither 
the outdoor temperature nor the solar radiation typically affect elec-
trical load. Second, a conditioned intermediate region is modeled. A 
quasi-linear increase in consumption characterizes this area as the out-
door temperature grows. Generally, solar radiation may only produce a 
minimal effect on the electrical load. Finally, a high-temperature region 
is detected. In the 103 buildings analyzed in this study, it was seen that 
solar radiation produced the most relevant contribution to the electrical 
load in this region. Yet, such a contribution’s shape and magnitude may 
vary consistently from building to building.

In the case study in Fig.  5, a dramatic boost of the electrical load 
may be noticed in the high temperatures regions as the solar radia-
tion reaches its highest values. On the contrary, a local minimum is 
detected at moderate solar radiation values, while the regression model 
seems to foresee a local maximum for high temperatures and minimum 
solar radiation values. The complex contribution of solar radiation 
on electrical load is due, among the other factors, to the impact of 
this variable on multiple load quotas, which include, in particular, a 
predominant one, m regarding the cooling system and a minor one 
regarding lighting, as discussed in [39]. Yet, considering the input data, 
it might be found that the considered region falls outside the domain. 
Indeed, as commented before, the final MES models are fed with daily 
mean values. For the location considered for building B, temperatures 
over 30 ◦C may only happen if mean solar radiation over about 200 
W∕m2 is registered. The final MES should consider each case study 
data domain to fairly interpret the analysis outcomes. This is done in 
Fig.  6 by considering the domain from the train set, with an additional 
tolerance which is set for each explanatory variable, and cutting off the 
MES regions falling outside this extended domain. This figure provides 
a comparative overview of six buildings. The variegate impact of solar 
radiation may be observed in the different case studies. For instance, 
according to the MES derived in the cases of buildings C and F, a 
variation of the value of solar radiation would not affect the electrical 
demand. Yet, it results in an important additional contribution in the 
high-temperature region for buildings B (commented before) and E. 
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Fig. 6. MES from six buildings, retrieved by the NN-based regression model considering daily input data. The MES are limited to an extended domain calculated 
considering the weather data from each building’s location.
Two more typical patterns exist regarding buildings A and D. Solar 
radiation determines a drop in electrical load consumption in the high 
temperatures region. This anomalous behavior might depend on the 
presence of some absorption chilling machine or other characteristic 
feature of this building. The possible reasons to explain the thermal 
behavior of building D are even more challenging to find, as the global 
maximum electrical load is not detected at the maximum temperature 
but around intermediate solar radiation values. Further investigation 
into these buildings is advisable to understand their typical thermal 
behavior and eventually consider some anomalies or causes of ineffi-
ciency. The remaining case studies mostly depicted the typical behavior 
described for buildings B, C, E and F.

6. Conclusion and future works

Six literature regression algorithms, comprehending both traditional 
and Machine Learning-based ones, have been considered to analyze the 
thermal behavior of buildings using a Multivariable Energy Signature 
approach. The regression was aimed at inferring between the electrical 
load and weather variables. Unlike what is usually done in reference 
univariate Energy Signature models, this analysis included solar radia-
tion as an additional explanatory variable. Moreover, 3 time resolutions 
were considered, namely hourly, daily, and monthly. This comparative 
analysis was tested on an extensive real-world dataset including 2 years 
data series from 103 industrial buildings from the TLC sector. The most 
important outcomes of this analysis may be summarized as follows:

• Mean daily data resulted to be the most appropriate time reso-
lution for all the considered regression algorithms, leading to a 
consistently higher accuracy than when monthly or hourly data 
were employed.

• The Kernel regression and Neural Networks outperformed the 
Ordinary Least Squares, quantile, polynomial, and local quadratic 
regression algorithms in terms of accuracy.
11 
• Neural Networks showed good scalability for the increased
dataset sizes. The Kernel Regression instead suffered from an 
exponential boost of computational time as the data points aug-
mented. Hence, Neural Networks was finally selected as the most 
proper algorithm for Multivariable Energy Signatures.

• The inclusion of solar radiation as an additional explanatory 
variable led to an important increase in the performance of the 
models, and a mean MAPE equal to 5.2% was achieved, com-
pared to the 5.7% of the reference univariate Energy Signature 
regression algorithm.

• Finally, the Neural Network-based Multivariable Energy Signa-
ture achieved good prediction performances, with a mean co-
efficient of determination equal to 0.804 for the 103 buildings 
considered in the analysis.

Multivariable Energy Signatures were finally employed as diagnos-
tic tools for the thermal behavior of buildings. Their us for energy 
analysis may be of special interest for all those sectors where air 
conditioning represents a major contribution to the final consumption 
of buildings.

Future works will extend the analysis to other case studies from 
different sectors, such as the residential one, to confirm the outcomes 
and guarantee a wider applicability. Moreover, future implementations 
should involve a more detailed design of the relationship between 
the thermal load and weather variables, as described by the solar-
air temperature concept. Eventually, this will lead to analyzing wind 
as an additional independent variable that could affect the thermal 
balance of buildings, and hence their energy consumption. In addition, 
an even more extensive analysis regarding weather variables shall be 
undertaken, such as a feature importance analysis.
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