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Similitude approach for buildings energy forecasts
by Andrea VIERI

Buildings are assets characterized by environments and uses that change over time,
variable occupancies, and long life cycles. In addition to this, they have high op-
erational costs, mostly due to their energy demands, accounting for 30% to 40% of
global greenhouse gas emissions. All of this makes them as complex as challeng-
ing to manage in an efficient way. Consequently, increasing efforts have been made
to forecast their energy needs, with the scope of optimize their economic and envi-
ronmental impact. About this, the available literature focused mainly on short-term
modeling through the implementation of sets of physics-based equations (i.e., white-
box), functional relationships between input and output variables (i.e., black-box),
or a combination of both (i.e., grey-box). Far from reaching a state of art condition,
more research is necessary on long-term forecast models, especially with the aim of
reducing the energy needs than optimize the energy production. Within this con-
text, this thesis presents an original automatic and integrated similitude approach
for forecasting the energy needs of buildings from short to long-term time horizons.
This is accomplished by scaling an unknown facility from a similar facility that is
already known and by executing a black-box approach based on machine learning
algorithms. The proposed method is implemented in real case studies in Italy to
predict the energy demands (i.e., heating, cooling, and electricity) of Sant’Anna Hos-
pital in Ferrara through the historical data of Ca” Foncello Hospital in Treviso. The
results show an adjusted coefficient of correlation above 0.7 and an average error be-
low 10% for all the energy demands, demonstrating a feasible forecast performance

with a low training set-to-test set ratio.
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Chapter 1

Introduction

Buildings account for approximately 40% of energy consumption and 36% of green-
house gas emissions in the European Union, while in the world they weight for 30%
and 26 % respectively[25]. This makes them the single largest energy consumer in
the world. Consequently, a substantial effort has been undertaken over the time to
forecast their energy demands, with the scope of optimizing their economic and en-
vironmental impact throughout all their life cycle[34]. Many efforts are carried out to
understand, model, and forecast their energy consumptions, looking for new ways
to improve their energy efficiency and sustainability. From an historical perspec-
tive, the early attempts to model buildings energy demands relied on engineering
software packages, e.g., Energy Plus, but usually the results were not as valuable
as would be expected. All of this, despite the considerable amount of time spent
to setup the software and data gathered regarding the structural, geometrical and
material characteristics of the target buildings. This is mainly because of anthropic
loads, behaviors, and other nonlinearities, which are extremely complex and difficult
to estimate, but that have significantly influence on energy demands and, therefore,
consumptions. In this context, data-driven approaches represent a more efficient and
effective alternative to model and forecast the energy consumption of buildings. In
more detail, energy demands data are collected through smart meters and bills, then
they are fed into machine learning algorithms to infer the complex relationships be-
tween energy demands and other variables, like weather, degree-days, timestamp
features and building characteristics. The literature related to data-driven forecast-
ing techniques is growing quickly, but few studies actually investigate which set of

variables is more correlated with building energy demands, in order to accurately
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forecast and reproduce their dynamics. This makes it a critical element for forecast-
ing building energy demands as it represents the difference from a model able to
forecast future buildings energy demands from that is not. It is worth to mention
that the topic is far from having reached the state of the art condition, despite the
extensive efforts and studies carried out. In fact, because of complexities inherent
the variabilities and interactions that characterizes each building envelope and the
vast amount of data usually needed to achieve good forecasting performance, the
literature is far from having identified a definitive solution. As a matter of fact, one
of the major achievement made possible by the development of artificial intelligence
algorithms (e.g., machine learning and deep learning) is the opportunity to improve
HVAC plant performance and load forecasting, even in face of significant uncer-
tainty, usually hard to model through sets of equations or to investigate without an
adequate set of measurement tools. The data abundance achieved though meters
installations, in fact, has made possible the development of increasingly sophisti-
cated and highly performing models and algorithms under ordinary and easily re-
producible conditions. Together, this is a weakness element also, mostly for all those
events hard to reproduce or predict (e.g., the COVID-19 pandemic and its resulting
impact on buildings consumptions) or just when there is a lack of data (e.g., due
to a breakdown or maintenance activities). In this context, it is particularly critical
the usually large dataset required for training artificial intelligence-based models,
especially when historical dataset is missing or is inadequate to achieve good fore-
casting performances. To overcome the hurdles mentioned above, in this thesis is
setup a similitude based algorithm, that implements different data-driven modeling
approaches deriving from artificial intelligence for building energy demands mod-
eling and forecasting. Because each approach has its own strengths and limitations,
and there is no clear winner among those available in literature, it is introduced a set
of algorithms to address the complexities and uncertainties associated with building
energy demands forecast. The case study focuses on Sant’Anna Hospital in Ferrara,
Italy, that is assumed as target building (i.e., the building for which the energy de-
mands are considered unknown and used for testing), while the similar building is
represented by Ca’ Foncello Hospital in Treviso, Italy (i.e., the building for which the

energy demands are considered known and used for training). The energy demands



Chapter 1. Introduction 3

of these facilities are hourly-based and they include heating, cooling and electricity
demands, which are analyzed through data gathered from the building management
systems (BMS). In order to make the algorithm as independent as possible from the
capabilities of the individual data scientist and having in mind a procedure that is as
automatic as possible, the algorithm developed in this thesis incorporates automatic
data pre-processing steps, like data cleaning and normalization, and hyperparame-
ter optimization of ensemble methods. In more detail, these methods combine mul-
tiple improved models to enhance forecasting performances. The remainder of the
theis is outlined as follows. Section 2 presents an overview of the available methods
for forecasting building energy needs, with a particular focus on artificial intelli-
gence based tools. Section 3 describes the methodology that enables the utilization
of data from a known structure to estimate the unknown energy needs of another
structure, adopting easily and economically obtainable variables. Section 4 outlines
the case studies in detail, while in Section 5, the results are reported, and the final
conclusions are drawn in Section 6. The primary novel contributions of this thesis
work regards (i) the implementation of a similitude criteria, (ii) a data cleaning pro-
cess based on plant technical specifications rather than statistical analysis, (iii) an
automatic procedure for models and hyperparameters optimization selection (iii) an
innovative methodology for time series analysis, and (iv) the incorporation of an au-
tomated optimization procedure for the hyperparameters tuning of the forecasting

models employed.






Chapter 2

State of the art

Modeling and forecasting building energy demands is a challenging task, especially
because of the many variables, their interconnections and variability over time. They
are both internal and external to the target building perimeter, such as weather con-
ditions, building envelope features, antropic factors (e.g., behavior and occupancy),
lighting, electrical equipments and HVAC performance[136]. To unravel the tangle
made by all of these elements concurrently affecting the problem, numerous tech-

niques were developed, adapted and tested in recent research.

2.1 Methods for Building Energy Forecasting

The literature suggests the following unifying nomenclature in modeling processes,
without any focus on building type, energy end-use distinctions, or building scale

applications [20, 109]:

¢ White-box approaches: These models use a transparent process to solve first-
principle equations describing the buildings energy behaviour.This implies
that this type of approach is strongly based on the physics of the phenomena
that take place within the study boundary in which the building is located.
Physics-based modeling was introduced with different names, such as “engi-
neering models”[109]. As can be easily imagined, the white-box models devel-
opment of an building would require a remarkable amount of time to set the
physical properties and characteristics, even for the simpler ones. In order to
achieve the sufficient accuracy of building energy models (BEMs), as a starting

point, it is necessary a usually time-consuming and error-prone collection of
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detailed information of it. Once this step is completed, the building model is
set up through its related variables and equations. Precisely because of their
large number, numerous interconnections and in many cases their complexity,
it is necessary to proceed numerically. This circumstance, clearly imposes the
choice of an error acceptability threshold, which clearly has a direct impact
on the precision, accuracy and speed of the simulations themselves. To speed
up the simulation time, it is common to make use of representative buildings,
called archetypes: they are usually developed after an accurate identification
of the most common characteristics of different groups of analogous build-
ings[14]. This method analyzes portions of the buildings, producing detailed
BEMs, which still preserve the ability to characterize the energy performance
of the whole building portfolio with the desired level of accuracy. Moreover, it
allows the accurate creation of benchmarking models at a local level through a
classification process. Ultimately, another considerable benefit of this approach
is the assessment of retrofit interventions by what-if scenarios[13]. However,
to date, this kind of representation has required dedicated simulation engines
and large amounts of data to correctly represent the buildings of a given port-

folio, making the benefits listed above only potential and not real.

Black-box approaches: These models rely on building data analysis and data
mining tools to predict and forecast building energy demands and consump-
tions. They are mainly used for energy demand forecasting through the hierar-
chically important inputs selection [2, 33]. In addition, data-driven approaches
based on machine learning are used to select and identify the archetypes of the
main building categories[102]. Because of their interesting performance and
simulations setup easiness, it is possible also to implement them at a more
complex scale than single building level[109]. Focusing on the scope of this
work, the most widespread black-box approaches for prediction and forecast-
ing at a building level are as follows[107]: simple regression model (SRM),
multiple linear regression (MLR), decision trees (DT), artificial neural networks

(ANN), and support vector machine (SVM). All of them above rely on the
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availability of prior data to forecast energy consumption. Among the down-
sides is that to predict a building’s energy demands through such approaches,
it is necessary to possess as large a historical dataset as possible. This circum-
stance, therefore, makes them essentially unusable in all those cases where this
is not possible (such as in the case of a new building) or in the case of previ-
ously unobserved events (i.e. Covid pandemic). Nevertheless, these meth-
ods are not employed to carry out building energy demand forecasting on the

short-term, espercially for plants optimization and regulation.

¢ Grey-box approaches: These models combine first-principle physics and data-
driven approaches, resulting in a hybrid structure. As expected, they share
both advantages and limitations of white and black-box models. In the re-
cent literature, hybrid modeling presents two main orientations.In more detail,
some case-studies use data-driven methods to optimize specific parameters
of white-box models[103] or they combine a resistance—capacitance lumped
model with a Gaussian process to predict and adjust the error of the physics-
based model. The second way purely replaces parts of the physics-based mod-
els with machine learning algorithms, for instance with the aim of representing

energy equipment load demand[20, 58].

To the best of the author’s knowledge, none of the articles show a clear winner
among all the available algorithms. This is especially true when the build-
ing data and features are missing or unknown, making it challenging to find
similarities or benchmarks. Since the main interest is the implementation in
real use cases, where execution time is crucial and cost-effectiveness drives the
whole process, the thesis is focused on data-driven approaches. In more detail,
it proposes a method for predicting the buildings energy demands, applying
similitude criteria both for verifying the results or making predictions in the

absence of historical data.

2.1.1 White box approaches

White-box based approaches are physical based approaches, which require detailed

information of building structure and its related typical characteristics: consequently,
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Physics-based / White-box

Building energy

consumption quelllng
and forecasting
techniques

FIGURE 2.1: Methods commonly used in buildings Energy consump-
tion performance evaluation [109].

the corresponding simulation will be usually expensive and time consuming. Re-
cently, a series of attempts have been made by scholars in order to simplify these
approaches and reduce time needed for setting up and running simulation.

As white-box approach instance, it can be mentioned Residential Load Factor
(RLF) [15], an evolution of prior Residential Heat Balance method (RHB) [16], that
includes both cooling and heating load procedures. The heating calculations rely on
the traditional UAT model, that has proven good results, while cooling procedure
is built upon the idea of independent load components: load contributions from
various sources are separately evaluated and then summed. In particular, surfaces
have associated load factors (LFs) or load contributions per unit area, designated as
Cooling Factors (CFs) for cooling and Heating Factors (HFs) for heating; the lasts
are simply for the most part UAT, while the firsts depend on surface construction,
climate and, in some cases, surface orientation, solar absorptance or other character-
istics: each LF needs to be evaluated once for a given site and construction conditions
and then it is applied repeateadly to each building element of the same type.

Despite RLF formulation is conceptually transparent, unfortunately it is not pos-
sible to find any invariant model for each load component, because of interactions
among them: for example, the autors reports that if a major interactions occurs be-
tween opaque surfaces and windows, the solar gain is lagged and moderated by
differing amounts depending on surface construction properties; also simple con-
vective gains, such as infiltration and ventilation, are hard to estimate, because they

should be evaluated at the building-dependent peak hour [59].
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FIGURE 2.2: Simplified representation of energy flows on a generic
building

As seen, development of load-component method such as RLF requires the in-
teractions to be identified and addressed, eliminated or neglected if the effects are
irrelevant compared to accuracy level the simulations want to achieve; addressing
interactive effects represents the main weakness of this method, because it intro-
duces more complexity, defeating its purposes: for this reason, RLF applicability is
restricted to typical residential construction. Then, one may be tempted to consider
a more general method like RHB, potentially able to handle any configuration as-
suming the independence of load components and developing models for each of
them. As stated before, white-box approaches has three primary drawbacks and the
methods listed make no exception. First, they are computationally intensive and
time-consuming, that is conflicting with many applications requiring small fraction
of a second per output. Second, occasional convergence failure remains trouble-
some. Third, it is hard to handle all the cases encountered in practice.

In fact, in order to make the model fit the case study, it is necessary to have
a comprehensive set of equations able to model all the not neglible effects consid-
ered. Looking at the energy needs of a building, without taking into consideration
its destination of use, one of the most common approach is to follow what stated
by national or international normatives and standards, which are in Italy for HVAC
and auxiliary plants the UNI TS 11300 and UNI10339, plus the so called Regional
Healthcare Accreditation Laws, that rule the healthcare service requisites for hospi-
tal facilities.

Similar topic, for the internal lighting, ruled by UNI 12264-1 for italian facilities,
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which set the eye-comfort level for each building and its rooms according to their
destination purpose. In more detail, it allows to calculate inderectly the theoretical
electrical absorption in order to satisfy the requirements.

Definetely harder to find, set and update are those very detailed informations

regarding the internal of the building and linked with:

¢ room destination purpose: change may take place during time, making nec-
essary to update them frequently and rising the costs. This is an occurrence
that take place frequently in some kind of facilities, like hospitals, and it may

impact the whole energy needs obviously;

¢ environmental and endogenous factors:
thermal/cooling dispersions;
heating/cooling free inputs;
solar radiance;
natural lighting free inputs;
number of persons inside;

free heating inputs because of electrical devices or machines.

Adding to this, detailed architecture information (i.e. internal and external wall
stratigraphy) of the building are needed, both at the project and as-is level, that
must be update time by time in order to take into account the performance degrade
because of materials aging.

All of them, if they could be considered manageable through static simulations,
it is more and more complex to update all of their statuses and values time by time
in order to consider their evolution.

These complexities are emphasized by the time necessary to perform the simula-
tions, because of the high number of equations and variables involved.

About this last point, considered that the physics of the phenomena is mainly
driven by surfaces (I?) and volumes (I°), denoted with [ the reference physical di-

mension, it can be stated the complexity order of the problem O(x) is:

O(x) = O() + O(1?) = O(n®) + O(n?) 2.1)
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considered that 12 >> [2, it can be also re-written as:

O(x) ~ O(I®) (2.2)
because O(I®) >> O(I?). Hypothisizing a numerical resolution of the equation
set, i.e. Newton-Raphson method, known that for each step the calculations needed
are given by:
Calci = Wequation; * Moariable; (2~3)
So, it can be considered that:

n

”equutioni ~ Hnequationmmi * Nyoom; (2~4)
i=1
given:
n
Nequation; ~ H”equationmomi * Nyoom; (2.5)
i=1

considering reasonably that for complex buidings and facilities it may be:

Nequationsoom; ~ 102 (2.6)

Nyoom; ~ 103nvariable,- ~ 10 (2.7)

it results that for each step are needed:

Calc; ~ 10° (2.8)

Known that the number of iterations needed to convergence are inversely pro-

portional to the step dimensions:

1

nstepi

(2.9)

. .~
Niteration ~

Considering that for many variables a step of 10”3 may be enough to achieve a

good resolution, it turns out that:
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~ ~ 9
Neatculation = Calci - Niteration ~ 10 (2.10)

Then, linking the complexity of the simulation to the number of iterations needed:

O(”i) ~ Ncalculation (2.11)

it can be easily derived that:

O(x) = O(n®) = n?

calculation

~ 10% (2.12)

are needed to complete a simulation with a white-box model.
Usually, a commercial computer has a CPU able to do calculations for each sec-
ond in the order of GHz for each of its core. Therefore, considered a laptop with 7

core CPU, it can be turned out that:

Computing

power ~ fepu - Meore ~ 101 Hz (2.13)

then the calculation time will be approximately equal to:

. 3 27
Calculation o Meculation 10

time ™~ "Computing "~ 1010Hz~
power

~ 10%s ~ 108years (2.14)

From this passages, then it is clear the impossibility to proceed through a white-
box approach in high granularity problems, where a detailed knowledge of the
building behaviour is needed, except at high cost !. However, it must be noticed
that in white-box approaches affordable calculation costs and times can be achieved
simplifying the problem structure, for example considering the building envelope
as an unique environment: in that case, the variable 7,,0,;; would be in the order of
~ 10'; reduncing also the step in the order of 1072, doing the demonstration again
it would be find out that the amount of time needed is near to half a day. Obviously,
every improvement come at a cost and, in this case, it is both precision and accu-
racy, that would be no longer feasible for real-case study applications in complex

buildings.

!i.e. supercomputers and other stuffs long far away by common people;
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Consequently, because of all the consideration made above and the scope of this
thesis, it comes by itself that this way does not fit what it is needed in order to achieve

the target.
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2.1.2 Grey box approaches

Grey-box based approaches are a variant of prior quoted white-box based approaches
combining statistical methods and simplified physical information to simulate build-
ing energy performance. By their nature, these approaches could be useful in every
analysis that involve incomplete or uncertain data; unfortunately, in these kind of
applications, one primary issue in current grey-box methods is computational inef-
ficiency due to uncertain inputs, complex interactions and stochastic occupant be-
haviours [123, 84]: although this kind of model is capable of reproducing dynamics
of buildings, the procedure to generate the grey-box models is usually sensitive to
the typology used and the number of simulations [58, 85]. For these reasons, simi-
larly to white-box approaches, grey-box approaches also use simplified building or
the HVAC plant models and usually they are not suitable for large building simula-
tions, for instance industrial or public facilities, making them out of any considera-

tion in this work.

2.1.3 Black box approaches

Black-box based approaches are able to estimate building energy performance or
consumption only considering historical data, without any detailed knowledge of
physical information: compared to the approaches listed above, this change allows
generally fast calculations and high accuracy and precision. In many data science
applications, these are also usually referred as data-driven approaches, because of
the statistical algorithm structures and large amount of data used. They are also part
of the broader family of methods known as ‘artificial intelligence’, i.e. referring to
that field of research that studies algorithms and models that make machines capable
of reading data and, on the basis of that, make predictions and take actions to achieve
a predefined goal[96]. Both conventions will be used also in this work.

Among the artificial intelligence tools available in the literature, data-driven mod-
els are simple and consist of two distinct and iteratively subsequent phases: learning
and validation.

Learning process starts with a careful selection of all the parameters and modifies

them through subsequent validation, namely systematical comparisions between
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FIGURE 2.3: Data-driven models for building energy consumption
[123]

the model outputs and the historical data. Once the error is lower than required
threshold, the data-driven model is deemed validated and, consequently, qualified
for pratical applications with new input data [123].

Because of their lower costs, speed, precision and accuracy, compared to what
seen above and in all-in-one method, data-driven approaches are widely applied
in several fields (e.g., medical diagnosis, political campaigns, commerce). Recently,
their use has been extended to the building sector, especially to estimate building en-
ergy demands or profile energy consumption patterns. The most widespread meth-
ods are grouped in 2.3.

The present thesis will focus on data-driven prediction models, such as those

pictured in 2.1, which represent the most popular models among data-driven ones.
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2.1.3.1 Single models

Single models are usually the most known and more used machine learning models,
both in research and application fields. Their name takes place from the fact that they
are data-driven techniques implementing a single forecast algorithm for a prediction
problem. Because of their simplicity, computational efficiency and easy-to-use fea-
tures, they suit particularly well those problems where resources are limited. On
the other hand, though, these models are prone to overfitting problems or they may
struggle to generalize enough the problem in order to handle properly previously
unseen events, especially in complex problem domains. Because of their effective-
ness and efficiency, despite the above mentioned limitations, this models are used
as valuable tools to establish baseline performance and provide insights about data

correlations, serving also as blocks for more complex learning systems.

2.1.3.1.1 Statistical regression Building energy-consumption prediction relying
on regression analysis link an outcome Y;(i = 1,2,...,n) to the corresponding pre-
dictors (j = 1,2,...,m), investigating the relationship among different variables in
a probabilistic framework. Depending on if a multiple or polynomial regression is

used, usually in literature the outcome is formulated as:

Multiple :  Y; = a; + B1Xi1 + BaXio + oo + BuXim + € (2.15)

Polynomial : Y; = a; + B1xi1 + ﬁzxﬁz +..+ ,Bmme +¢€; (2.16)

Where ¢; represents the random error that is assumed to be normally distributed
and «; and ,B](] = 1,2,...,m) are the parameters to be estimated. This is made

considering the sum of squared errors (SSE), defined as:

n

Multiple : SSE =Y (A; + Bixj1 + Baxip + ... + BuXim)? (2.17)
i=1
n

Polynomial :  SSE =Y _(A; + Bixi1 + Boxjy + ... + Bux]h, )7 (2.18)
i=1
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The estimates of all parameters is derived using least squares (LS): A; and B;(j =
1,2,...,m) in the equations 2.17 and 2.18 are the corresponding estimates of i and
j(j = 1,2,...,m) in equations 2.15 and 2.16. SSE is then minimized , increasing
to m + 1 the number of equations; each of them is partially derivable with respect
to A; and Bj(j = 1,2,...,m) respectively. Finally, the prediction equation with the
estimated parameters in multiple linear regression (MLR) or polynomial regression

(PR) is obtained:

Multiple s Y, =A+ lei,l + Bzxirz + ...+ Bmxi,m + € (2.19)

Polynomial : Y; = A; + Bixj1 + Bzxﬁz + oo+ Buxi, + € (2.20)

In order to quantify the variance explained by the independent variables, the

coefficient of determination R? is introduced:

SSE
RZ=1- 2.21
SSiot @21)
Where sum of squares SS;:
n JR—
SSit =Y (Yi=Y)? (2.22)
i=1
With the mean value Y:
n
- &Y
Y = Z - (2.23)

As a rule of thumb, a regression equation with a R? near to 1 indicates it fit well
original data: it must be emphasize that R? itself cannot determine if the coefficient
estimates and predictions are biased, reason why it is necessary to assess the residual

plots. In addition, R? coefficient has some further problems:

e Every time a predictor (i.e., an independent variable) is added to a model, R®
increases: consequently, the more terms appear, the more it appear to have a

better fit;
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¢ If amodel has too many predictors or higher order polynomials, it could model
also random noise in the data. This condition is known as overfitting and

produces deceptive high R? values and reduced predictive ability.

In order to consider each of those effect, adjusted R? is introduced, which com-
pares the explanatory power of regression models that contain more than one predic-
tor: in detail, it increases only the new term introduced improves model predictive

ability more than its variance. By literature, adjusted R? formula is defined as:

(1-R?>)(N-1)
Ridjusted =1- N — p— 1

(2.24)

Observing the equation listed above, it’s easy to guess that adjusted R? value is
always lower than simple R2. As seen above, statistical regression is a straightfor-
ward and simple to use approach for predicting building energy consumptions; in
particular, it has been popular during early studies to predict the average consump-
tion over long-term period of time. However, compared to other approaches such as
ANN or SVM, the regression models require huge amount of historical data for train-
ing and their accuracy on short-term prediction is usually poor. It is also challenging
to select a good set of predictors and an appropriate time scale to achieve a good
building energy demand fitting under a wide range of environment and weather
conditions. In addition to this, a big issue is that in some cases the selected variables
are unexpectedly dependent: the unforeseen correlations among them in such cases
result in an unpredictable level of accuracy in the regression outputs [136]. In the
last years, scholars have studied some modifications for statistical regression aimed
to solve inaccuracy problem [61] [8] [118] [48], claiming in most cases better results
that ANN’s models [123]. Anyway, in most cases statistical regression are adopted
to estimate the important parameters needed for characterizing building energy per-
formance, designing, tracing and analyzing building thermal behavior [69] or, also,
drafting heating control strategy for energy saving [121]. The main applications con-

cern their use for administrative buildings [7] and the design of new buildings [87].
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2.1.3.1.2 Decision Tree Decision Tree (DT) is a flowchart-like structure in which
each internal node represents a test on an attribute, each branch represents the out-
come of the test and each leaf node presents a class label or predicted value, each
assigned after computing all attributes. The topmost node of DT is known as the
root node, where the input data are splitted into different groups based on some
predictor variables predefined as splitting criteria. These split data form sub-nodes
as branches emanating from the root node; the data on sub-nodes will undergo ei-
ther further or no splits: the former, succeeding data split is conducted to form new
subgroups as child-branches emanated graphically at the next level, whereas the lat-
ter are called leaf nodes and the corresponding data group at those levels are their
final outputs. Each path from root to leaf represents a classification rule. In DT

analysis, most known algorithms used to achieve error optimized splits are [53]:

e ID3;

Gini Index;

Chi-Square;

Reduction in variance.

ID3 is the core algorithm for building decision trees and was developed by J.R.Quinlan
thirty years ago [88]. This algorithm employs a top down, greedy search with no
backtracking: it uses Entropy index and Information Gain to build a decision tree,

defined as follows:

¢ Information entropy:

H(S) = ) —p(x)log p(x) (2.25)
* Information gain:
IG(S,A) =H(S)— ) —p(t)H(t) = H(S) — H(S|A) (2.26)
teT

Once calculated information entropy and gain for every attribute, the algorithm

choose that with the largest information gain as the decision node, dividing the
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dataset by its branches and repeating the same process on every branch. Then, ID3
algorithm runs recursively on non-leaf branches, until all data are classified. Gini in-
dex algorithm, named so in honor of the Italian statistician and sociologist Corrado
Gini that developed the Gini coefficient [46, 47], is conceptually simpler than the pre-
vious: it assumes that if two items are selected from a population at random, if the
population is pure the probability to choose an item owning to that is equal to 1; like
the previous algorithm, it works with categorical target variable “success” of “fail-
ure” and performs only binary splits; Gini index is calculated differently depending

on if it is referred to sub-nodes or split:

* Gini index for sub-nodes is calculated using formula (p?>+4?), namely sum of

square of probability for success and failure;

* Gini index for split is calculated using weighted Gini score for each node of

that split;

As it can imagine, the node split will take place on the attribute with the higher
Gini index. The third listed algorithm, so called Chi-Square, is completely different
and it find out the statistical significance between the differences among sub-nodes
and parental nodes, measured by sum of square of standardized differences between

observed and expected frequencies for each node:

2

) (fObSET ved,i fex )
, pected,l
Xl Z

(2.27)
f expected,i

Similarly to the previous algorithm, it works with categorical target variable

“success” or “failure” and the steps to calculate chi-square for a split are two:

e for individual node, chi-square is calculated by deviation for both success and

failure;

¢ chi-square of split is calculated using sum of all chi-square of each node of the

split.
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The three algorithms listed above are only for categorical target variable, conse-
quently not suitable for the purposes of this work. Because of that, we shall intro-
duce a fourth algorithm: reduction in variance. Conceptually, it uses the standard
formula of variance to choose the best split:

(o0 —0)?

— Z AL (2.28)

n
i=1 n

Also in this case, the steps needed are two:

e calculate variance for each node;

* calculate variance for each split as weighted average of each node variance.

the split with lower variance is selected as the criteria for splitting population;
even if it has not been written explicitly until know, reduction in variance is a typ-
ical greedy algorithm, since it follows the problem heuristic of making the locally
optimal choice at each stage, with the idea of finding a local optimum: in many prob-
lems, a greedy strategy does not produce a global optimal solution, but it is able to
found local optimal solutions that well approximate a global optimal solution in a
reasonable amount of time and with an acceptable error. Until now, focus has been
put only on main algorithms commonly used to yield a decision tree: another impor-
tant issue is about the optimal dimension of it; a tree that is too large risks to overfit
training data and poorly predict new samples, while a small tree might not detect
structural informations. In addition to this, reading between the lines no one of the
algorithm listed above gave any stopping criteria on decision trees growth: this is
because of so called “horizon effect”, i.e. that is impossible to tell in advance how
much the addition of a single extra node will decrease error. For this reason, grow-
ing the tree until each node contains a small number of instances, then pruning to
remove nodes that do not provide any additional information, it is a wide used strat-
egy. Obviously, pruning aims to reduce the size of a learning tree without affecting
predictive accuracy as measured by a cross-validation set. Literature is flourishing
of pruning methods for decision tree algorithm; among the most famous ones there

are:

* reduced error pruning (REP);
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¢ cost complexity pruning (CCP);

The REP algorithm is one of the simplest and commonly used pruning tech-
niques; it evaluates the cost at each decision tree node in order to establish whether
to convert or not the node into a leaf, prune the left or the right child [89]. The al-
gorithm prunes the nodes of a brunch until sub-trees of an internal node are pruned
and stops immediately even if one sub-tree is kept [6]. Cost complexity pruning re-
lies on a different philosophy: it generates a series of trees Ty,..., T;;, where Tj is the
original tree and T, is the root node alone. At step i, a tree is generated removing a

sub-tree from i-1 tree, which is chosen minimizing the following cost function[24]:

Ry(T) = R(T) + | f(T)] (2.29)

Where:

e {(T) a function that returns the set of leaves of tree T,
* «is aregularization parameter;

¢ R(T) is the training/learning error;

The latter is defined as:

R(T)= ) r(t)= ). R(T) (2.30)

With:

. Z ”(T), is the sum of misclassification or prediction errors at each leaf;
tef(T)

* r(t),is misclassification rate or prediction error;
* R(T), is the training/learning error.

Once a sub-tree has been removed, then it is replaced with a leaf node whom
value is chosen as in the tree building algorithm. In the end, when the series of trees
has been created, the best tree is chosen by generalized accuracy as measured by a
training set or cross-validation. As for the limitations of this approach, apart from
being mostly applied in non-complex applications, such as buildings in residential

areas, it is usually unstable in the presence of noisy or non-linear data [112].
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2.1.3.1.3 Support Vector Machine The Support Vector method, originally designed
to solve pattern recognition problems, has evolved during years becoming a tool for
solving multidimensional function estimation problems. Nowadays, in fact, this
method has been widely applied to solve regression problems and estimate an un-
derlying relationship among nonlinear inputs to the continuous real-valued target;
in particular, the Support Vector Machine (SVM) used for regression is called as Sup-
port Vector Regression (SVR) [123]. Its core task is to build a decision function F(x;)
with a good generalization ability, whose elements are nonlinear functions parame-
terized by small subset of training data, called the Support Vectors (SVs): this type
of function representation is useful for high-dimensional input space, because the
number of free parameters in this representation is equal to the number of SVs, but
it does not depend on the dimensionality of the space [114]. Given an input x;, the

decision function is usually formulated as:

F(x;) = (w, ¢(x;)) + b (2.31)

Where the biasb € R, (e, ®) and w represent the dot product and weight defined
in R" and ¢; is a nonlinear mapping of the input space to a high-dimensional feature
space[33]; b and w are unknown in the equation 2.31 and are estimated minimizing

the regularized risk function, which is formulated as follows:

1 1
EHWHZ‘ch ZLs(yi/F(xi)) (2.32)
i=1

The first term ||w||? is the regularized term, which minimization make function
as flat as possible and contribute to control the function capacity; the second term,
where C is the regularization constant, is the empirical error measured by the insen-

sitive loss function, which is defined as below [115]:

Le(yi, F(xi)) = lyi — F(xi)| —e =0, |yi — F(xi)| > ¢ (2.33)

This equation set defines a region of thickness where if the predicted value fall in-
side the loss is zero, otherwise the loss magnitude is equal to the difference between

the predicted value and the radius of the tube [33]. Both C and ¢ are determined by
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users.
Then, to estimate b and w, the equation 2.32 is transformed to the primal objective

function by introducing the positive slack variable ¢;, ¢* [33]:

o1 1y
Mmzmzzei ] [* + CT Y (&i+¢E) (2.34)
i=1

Subject to the following constraints:

yi—w-g(x;) —b<e+g;
w-p(x;) +b=0 (2.35)
& >0
The optimization problem can be solved more easily in most cases in its dual

formulation by an introduction of a Lagrangian function L:
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! l
L= %||w||2 + c% Y (Gi+80) = ) (i + &)+
i=1

i=1

ai(e+Ci—yi+w-¢(x;) +b)+

.MN &MN

Il
=

1

(2.36)

aj(e+¢& —yi+w-¢(x;) +b)

ni.a; >0

Where 7;, 1, a;, a] are Lagrange multipliers. Hence, the partial derivatives of L

with respect to the primal variables equal to zero gives the saddle point condition:

l

&L =Y (a;+a]) (2.37)
i=1
1
6oLl =Y (a; +a} )¢p(x;) (2.38)
i=1
dgL=C—aj —n* (2.39)

Finally, substituting the latter 2.39 in the 2.36 enable the twofold optimization

problem:

MaximizeW (a;, a;) =Y _ yi(a; — a;)

i=1 (2.40)
11
_Ezz(aﬂraf)(aﬁra}k)

i=1j=1
(@(xi) - ¢(x7))

Subject to the following constraints:

i=1 (2.41)

Through condition 2.38:
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w— Y yi(a;—af)x; =0 (242)

Therefore:

F(xi) = ) (ai — a7)p(xi)p(x) + b (243)

i=1
In order to achieve a more compact and exploitable equation, the kernel function
K(x;, xj) is introduced, which value is equal to the inner product of two vectors x;

and x; in the feature space ¢(x;) and ¢(x;), that is:

K(xi, xj) = ¢(x:) - ¢(x;) (2.44)

and the previous equation can be rewritten as:

!
F(xi) =Y (a; —af)K(x;,x) + b (2.45)
i=1

Introducing a kernel function is not just about simplifying the equation form,
rather thanks to it is possible to perform all necessary computation directly in input
space, without having to compute the map ¢(x). Among the most popular kernel

functions are the:

Linear kernel :  K(x;,x;) = x; - ; (2.46)
Polynomial kernel :  K(x;,xj) = (x; - xj + 1)4 (2.47)
Radial basis function kernel :  K(x;,xj) = (x; - xj + 1)4 (2.48)

Where 7 (v > 0) and d are the kernel parameters. By the use of different ker-
nel functions is possible to build different learning machine, each with different
types of decision surfaces. About the first term of the equation 2.46, accordingly
to the Karush-Kuhn-Tucker (KKT) conditions, only a certain number of coefficients
(a; — af) will be non-zero values and, consequently, the data point associated with
them will have an approximation error equal to or larger than ¢ and these are re-

spectevely the data points laying on or outside the bound decision function, referred
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FIGURE 2.5: Axon-synapse-dendrite connection [93]

to as support vectors [33]. In this regard, choosing ¢ hide a trade-off between the
sparseness and the closeness to data: as rule of thumb, respectively, the larger the,
the fewer is the number of support vectors and sparser the representation of the so-
lution and viceversa [26]. The main applications of the model aimed to forecast the
combined cooling and heating energy demand in residential low energy buildings
[83], the electrical load of an office building at the university [66] and the day-ahead
electrical consumption of an office building [43]. In more detail, the last two case
studies performed a comparison of SVR with ANNSs, and the former results outper-

formed the latter in all the metrics.

2.1.3.1.4 Artificial Neural Network Artificial neural networks (ANNSs) are bio-
logically inspired computational networks, that attempts to mimic how the human
brain processes information [95]. It consists of a set of neurons, each of which rep-
resents a node, that are connected to other nodes through links These correspond
to biological axon-synapse-dendrite connections, like that represented in figure 2.5.
Finally, each link has a weight, determining the strength of one node’s influence on
another [127]. The networks constitutes a directed, weighted graph.

As in the figure above 2.6, neurons receive inputs, combine the input with their
internal state or activation function and produce outputs using an output function:

the most valuable characteristic of the activation function is that it provides a smooth
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FIGURE 2.6: ANN architecture [22]

transition as input values change [126]. Then, each connection, to which is assigned
a weight that represents its relative importance, transfer the output of one neuron as
input to the linked one: a neuron can have multiple input and output connections,
but each connection can link just two neuron among them. Therefore, the output of
ANN: s is computed through a propagation function, which consists of a weighted
sum of input neurons and their relatives connections. Among the various types of
ANNs, in this paragraph, it is dedicated a focus on multilayer perceptrons (MLPs)
with backpropagation learning algorithms. MLPs are the ANNs most commonly
used for a wide variety of problems. They are based on a supervised procedure and
comprise three layers, as shown in the figure 2.6: input, hidden layers and output.
Neurons are organized into multiple layers, where neurons of a layer connect only to
neurons of the previous or next layers; the layer that receives external data is named
input layer, while that produce the ultimate result is the output layer. In between
them could be one or more hidden layers.

The figure 2.6 is a representation of ANNSs as commonly perceived, but different
kind of architecture are possible: for example, single layer and unlayered networks
are also used. It is important to highlight that between two layers multiple connec-
tion patterns can also exist. In more detail, they can be fully connected, if every neu-

ron in one layer connect every neuron in the next layer, or pooling, where a group
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of neurons in one layer connect to just one neuron in the next layer [28]. When neu-
rons present only this kind of connections, they form a directed acyclic graph and
they are also known as feedforward networks; networks that allow connections be-
tween neurons in the same or previous layers are called recurrent networks [73] and
particularly welcome to deal with time series datasets without random data and,
consequently, sequence events [22]. After choosing the ANNs architecture, a learn-
ing process take place to specify all needed connection weights and biases, usually
through historical data used as benchmark to address the response of the ANNs
model for each given input. In more detail, learning process consists in the adjust-
ment of the weights and optimal threshold of the neural network, in order to better
adapt the network to handle a task by considering sample observations and im-
prove the result accuracy, i.e. minimizing observed error. The learning process is
complete when examining additional observations error rate does not reduce futher.
Downstream of learning process, if error rate is unacceptable, the network must be
redesigned in the majority of cases through a cost function periodically evaluated
during learning process, whose cost is defined as a statistic value: as long as cost
function output continues to decrease, learning process keeps going. Cost function
is choosen considering desirable properties, such as convexity, or other arising from
the model; however, nothing prevents it can be set ad hoc. Another useful method
to increase ANNSs accuracy is backpropagation: as the cost function, this method
takes action on connection weights to reduce for each error found during learning,
but unlike that the error amount is divided among connections. Technically, back-
propagation starts calculating the partial derivative with respect to the weights of
the cost function. Then, neural network weights are updated with one of the several
available methods. Because of their ability to model and reproduce non linear phe-
nomena and processes, fault tolerance, robustness and noise immunity, ANNs have
been successfully applied in many disciplines and case studies. In fact, it provides
a flexible way to handle regression and classification problems without explicitly
specifying any relationships between the input and output variables. Specific at-
tention has been dedicated to forecasting building energy demands, in particular,

in tertiary [3], residential [65] and educational buildings [38].In fact, they provide a
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flexible way to handle regression and classification problems without explicitly spec-
ifying any relationships between the input and output variables. This is a positive
feature, considering that buildings exhibit predominantly non-linear dynamics and
highly complex input-output relationships. On the other hand, it must be pointed
out that the architecture choice and learning rate optimization process still rely on
ad hoc methods: this implies that ANNs are case-dependent and have to be de-
signed and validated each time for every different application. Thus, in building
contexts, ANNs cannot effectively handle tasks requiring the prediction of unfore-
seen events. It is also worth mentioning another category of data-driven methods,
namely Long Short-Term Memory (LSTM) models, which has been employed for
instance to forecast heat loads in multi-floor buildings[117] or to reproduce general
electricity consumption data for an operating year [105]. LSTM models are mainly
based on neural networks and allow long-term prediction. Nonetheless, no study

has used them in combination with similitude methods.

2.1.3.2 Combined Models

In the realm of machine learning, combined models have emerged as a powerful
approach to enhance predictive performance and robustness. These models lever-
age the strengths of multiple individual algorithms or architectures to create a more
comprehensive and accurate system. By integrating diverse learning paradigms,
combined models can capture complex patterns and relationships in data that might
be overlooked by single models. This approach is particularly valuable in scenar-
ios where the underlying data structure is multifaceted or when dealing with high-
dimensional datasets. The synergy achieved through model combination often leads
to improved generalization capabilities and reduced overfitting, making it an attrac-
tive option for tackling the challenging real-world problems across various domains.

In particular, with respect to the literature and, as shown in figure 2.3, two types
of combined models can be distinguished: improved models and ensemble models.

Improved models typically refer to enhancements made to a single base model
or algorithm. These improvements can involve fine-tuning hyperparameters, mod-

ifying the model architecture, or incorporating additional features or preprocessing
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steps. The goal is to optimize the performance of the original model without funda-
mentally changing its core structure or combining it with other distinct models.
Ensemble models, on the other hand, involve combining multiple diverse mod-
els to create a more powerful predictive system. These models can be of the same
type (e.g., multiple decision trees in a random forest) or different types (e.g., com-
bining a neural network with a support vector machine). Ensemble methods, such
as bagging, boosting, and stacking, aim to leverage the collective wisdom of multi-
ple models to improve overall performance and reduce errors. The key distinction
is that ensemble models maintain the individuality of each constituent model while
combining their outputs, whereas improved models focus on enhancing a single

model’s performance through modifications to its internal structure or parameters.

2.1.3.2.1 Improved Models Improved models, also known as "hybrid methods"
[67], are defined as the combination of single models and optimization techniques.
Accordingly to the literature for building energy needs forecast, they include Parti-
cle Swarm Optimization (PSO), Genetic Algorithm (GA) and Differential Evolution
(DE) algorithms.

In the context of optimization algorithms, Particle Swarm Optimization (PSO)
emerges as a significant paradigm within the broader landscape of computational in-
telligence. Conceptualized by Kennedy and Eberhart in 1995 [56], PSO draws inspi-
ration from the collective behavior observed in natural systems, particularly the syn-
chronized movements of bird flocks and fish schools. This bio-inspired, population-
based stochastic optimization technique shares certain fundamental characteristics
with evolutionary computation methodologies, such as Genetic Algorithms (GA),
yet distinguishes itself through its unique operational mechanisms. The PSO algo-
rithm initializes by generating a population of candidate solutions, referred to as
particles, randomly distributed within the problem space. These particles traverse
the multidimensional search space in pursuit of optimal solutions. Unlike evolution-
ary algorithms that rely on genetic operators such as crossover and mutation, PSO’s
optimization process is driven by the social interaction and information exchange
among particles. Each particle’s trajectory is influenced by both its individual best-

known position and the global best position discovered by the swarm collective,
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facilitating a balance between exploitation of known good solutions and exploration
of the search space. The iterative nature of PSO involves updating the particle posi-
tions and velocities across successive generations, guided by a fitness function that
evaluates the quality of each solution. This process continues until a termination
criterion is met, which may be a predetermined number of iterations, achievement
of a desired fitness level, or convergence of the swarm. The absence of complex
evolutionary operators in PSO contributes to its computational efficiency and ease
of implementation, making it an attractive option for a wide range of optimization
problems in various domains.

Like any tool, PSO has its obvious strengths, but also its weaknesses, with the
latter often determining whether or not its application is successful. In this regard,
literature shows that the main weaknesses of such an optimisation algorithm lie in

[91][137]:
¢ low diversity or quality solutions;
¢ early convergence;
e particle stacking in local optima;

¢ computational inefficient to update parameters.

The Genetic Algorithm (GA) is a metaheuristic search methodology inspired by
the biological natural selection and genetic evolution, beloging to the larger class of
Evolutionary Algorithms (EA)[74]. In a genetic algorithm, a population of candi-
dates (usually called individuals, creatures, organisms, or phenotypes) is character-
ized by a set of properties (its chromosomes or genotype), which can be mutated and
altered and evolved toward better solutions accordingly to the metrics of the opti-
mization problem. Each candidate solutions, traditionally, are represented in binary
as strings of Os and 1s, but other encodings are also possible[124]. The evolution usu-
ally starts from a population of randomly generated individuals, and is an iterative
process, with the population in each iteration called "generation". In each genera-
tion, the fitness of every individual in the population is evaluated: the fitness is the

value of the objective function in the optimization problem being solved. The more
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fit individuals are stochastically selected from the current population, and each indi-
vidual’s genome is modified (recombined and possibly randomly mutated) to form
a new generation. The new generation of candidate solutions is then used in the
next iteration of the algorithm. Commonly, the algorithm terminates when either a
maximum number of generations has been produced, or a satisfactory fitness level

has been reached for the population. A genetic algorithm requires typically:

* arepresentation of the solution domain;

e 3 fitness function to evaluate the solution domain.

Once the genetic representation and the fitness function are defined, the GA pro-
ceeds initializing the population of solutions and improving it through iterative mu-
tation, crossover, inversion and selection operators.In addition to the main opera-
tors above, other heuristic techniques are usually employed to make the algorithm
faster or more robust. In detail, the speciation heuristic penalizes crossover between
candidate solutions too similar among themselves, encouraging therefore popula-
tion diversity and helping preventing premature convergence to less optimal solu-
tions[32].Then, the generational process is repeated until a termination condition has

been reached. Common stopping conditions are:

e A solution is found that satisfies minimum criteria;

Fixed number of generations (or iterations) reached;

Allocated budget (computation time/money) reached;

A plateau is reached, i.e. successive iterations no longer produce better results;

* successive iterations no longer produce better results than the highest ranking

solution’s.

or a combination of them. As every algorithm or method, also genetic algorithm
has its owns limitations, especially as compared to alternative optimization algo-

rithms:
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* iterative fitness function evaluation for complex problem is often the most pro-

hibitive and limiting segment of this approach [31]. In this case, it may be nec-
essary to use an approximated fitness that is computationally efficient than an

exact evaluation;

Genetic algorithms do not scale well with complexity [131]: in detail, if the
number of elements exposed to mutation is large, there is often an exponential
increase in search space size. It makes extremely difficult to use this optimiza-
tion technique on problems such as designing an engine, a house or plane.
In order to make such problems tractable through evolutionary search, each
one must be broken down into the simplest representation possible. Hence it
is typically seen evolutionary algorithms encoding designs for fan blades in-
stead of engines, building shapes instead of detailed construction plans, and
airfoils instead of whole aircraft designs. The second problem of complexity is
the issue of how to protect parts that have evolved to represent good solutions
from further destructive mutation, particularly when their fitness assessment

requires them to combine well with other parts[72].

Like others evolutionary algorithms, a solution is "good" only in comparison

to other previously discovered solutions[42];

GAs may have a tendency to converge towards local optima or even arbitrary
points rather than the global optimum of the problem. This means that it does

not “know-how” to sacrifice short-term fitness to gain longer-term fitness[17];

Operating on dynamic data sets may genomes start to converge early on to-
wards solutions which can be no longer valid for later data. To remedy this
issue, several methods have been proposed by increasing genetic diversity
somehow and preventing early convergence, either by increasing the prob-
ability of mutation when the solution quality drops (called triggered hyper-
mutation), or by occasionally introducing entirely new, randomly generated

elements into the gene pool, called "random immigrants".[113];

GAs cannot effectively solve problems in which the only fitness measure is

a single right/wrong measure (like decision problems), as there is no way to
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converge on the solution (so called "no hill to climb"). In these cases, a random

search may find a solution as quickly as a GA [64];

* For specific optimization problems and problem instances, other optimization
algorithms may be more efficient than genetic algorithms in terms of speed
of convergence. Alternative and complementary algorithms include evolution
strategies, evolutionary programming, simulated annealing, Gaussian adapta-
tion, hill climbing, and swarm intelligence (e.g: ant colony optimization, par-
ticle swarm optimization) and methods based on integer linear programming.

[64].

The suitability of genetic algorithms is dependent on the amount of knowledge
of the problem: well-known problems often have better, more specialized approaches.

Such algorithms have been used in the literature for the optimisation of ANN
hyper-parameters. In particular, an intensive study was carried out on a tertiary
building in China aimed to compare a PSO-ANN to simple ANN and GA-ANN
(GA was used for the same purpose as PSO)[27], in order to better understand which
was most suitable to building energy forecast. Two databases were used to predict

hourly electricity consumption for:

1. a research building from ASHRAE dataset located in USA with four-month
data collection including WS, SR, RH and OAT;

2. a campus library located in East China with 100-day data collection including

estimated occupancy and daily OAT.

For the former, 70% of the data were used for training and 30% for testing. For
the latter, 93% of the data were used for training and the remaining 7% for testing.
PSO-ANN gave better forecasting results than GA-ANN and ANN, with MAPE of
1.6%, 1.9% and 2.2%, respectively, for the ASHRAE database. PSO-ANN also out-
performed GA-ANN and ANN when applied on the Chinese library building with
a MAPE of 5.9%, 7.1% and 8.0%. A downside, on the other hand, lies in the fact
that such optimisation algorithms often require a large number of generations and,

consequently, calculation time to reach convergence.
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Furthermore, one of the main limit of those optimization methods and machine
learning models relied on the fact that a model optimized for short-term forecasts
was not suitable for the long-term one [135], both because of machine learning mod-
els and hyperparameters tuning. In order to overcome this hurdles, a different ap-
proach was tried implementing Differential Evolution for timeseries forecast in ter-
tiary buildings by the authors in [135], in order to make either short or medium term
forecast possible, while also long-term one is still out of the range. In detail, DE is a
population-based algorithm, which contains mutation, crossover and selection steps
through repeated generations till the termination criteria is achieved. The DE algo-
rithm utilizes randomly sampled pairs of object vectors to guide the mutation opera-
tion instead of relying on probability distribution functions as in the case with other
Evolutionary Algorithms (EAs). The distribution of the differences between ran-
domly sampled object vectors is determined by the distribution of these object vec-
tors. The distribution of the object vectors is mainly determined by the correspond-
ing objective function’s topography, and so the biases where DE tries to optimize the
problem match those of the function to be optimized. This enables DE to function ro-
bustly and more as a generic global optimizer than other EAs [129]. DE commences
the search process by randomly generating NP number of D-dimensional param-
eter vectors Xi,g (where i=1,2, ..., NP and g represents the current generation): it
must be noted that the initial population (g=0) is generated randomly to cover the
entire search space and NP does not change during the optimization process. Once
the initialization process is performed, the algorithm evolves through the mutation,
crossover and selection operators, as a classic evolutionary one. The main difference

with them relies in the way those steps are carried out [60]:

* Mutation: in DE is carried out to facilitate random perturbations on the popu-
lation: for each population member, a mutant vector is generated by randomly
selecting (usually three in the basic version of DE) different individuals in the
population and then adding a scaled difference of any two of the three vectors
to the third one. In EA, this step is performed thanks to random perturbations
on previous generations of population members or using predefined probabil-

ity distributions;
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¢ Crossover: DE algorithms implement a binomial crossover, where each param-
eter is exchanged with a probability distribution [122], while EAs use many

crossover methods, like one-point, two-point or also uniform crossover [68];

¢ Selection: compares a trial vector and its parent solution in the current popu-
lation to decide the winner to survive into the next generation, i.e. replacing
the parent only if the offspring is better. In EAs roulette wheel or tournament

for the next generation [125].

The characteristic mutation method, combined with easier parameter tuning and
faster convergence speed, make the DE particularly effective in all those continuous
optimisation problems, such as those that characterise, for example, the frequent up-
dating of hyperparameters in machine learning models in the prediction of building
energy requirements over time horizons ranging from short to medium term.

By virtue of these characteristics, this optimisation algorithm was tested and
compared with PSO and GA mentioned above for the hyperparameters tuning of
Support Vector Machine regressor in the prediction of time series referring to the
energy consumption of buildings[135]. As an evolutionary step of hybrid models, in
order to fill the gap among short to long term forecast which usually require different
models for each time horizon, the authors proposed a model based on a weighted
average of models, in particular e-SVR and v-SVR. Concerning building type and
energy requirements, the case study addressed an institutional building in an uni-
versity campus in Singapore, mostly consisting of offices and laboratories, having

a ground floor surface of 3894 m?

. For the scope, it was utilized the energy data
collected by meters for a period of one year with a thirty minutes sampling interval
frequency, splitting it into two datasets for daily and half-hourly energy consump-
tion forecasts, with 384 and 209 training points and 96 and 52 test points respectively,
with a training/test points ratio of 4:1. Once the model parameters corresponding
to the least MAPE are optimized, the model have been tested on the testing datasets:
in detail, the performance of the proposed DE optimized model is compared with
a single SVM optimized with Genetic Algorithm and Particle Swarm Optimization,

where each model in the experiment is run 20 times and models and those with the

lowest MAPE among the 20 trials are selected for the paper. Accordingly to authors’
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findings, the proposed model takes a training time of about three hours (not men-
tioning hardware performance) and it shows a daily dataset average MAPE of 5.843,
while for half-hourly dataset is 3.768, much lower than e-SVR and v-SVR alone. This
case study and its results, although limited to a single building, one type of energy
carrier and a training time that make it unfeasible for real-time applications, never-
theless it demonstrates the need for specialised approaches for each type of problem

addressed, which means relying on a specific model for each task.

2.1.3.2.2 Ensemble Methods In statistics and machine learning, ensemble meth-
ods combines multiple learning algorithm to achieve a better predictive performance
than it could be got with any singular method [86]: the main hypothesis of them is
that combining multiple models together can often produce a much more powerful
and flexible model [94]. In fact, most of the times, basics models perform poorly be-
cause of high bias or too high variance. As Latins used to say:”In medio stat virtus”:
on the one side, it is desirable a good degree of freedom to resolve the underlying
complexity of data and contemporary, on the other side, not too much, in order to
avoid high variance and achieve robustness [94]: this is the well know bias-variance
tradeoff.

In addition to this, ensemble learning methods presents also an interesting set of

underlying benefits and reasons why they may be preferred [86]:

e Statistical reason — as previously written, neural networks or other automated
classifiers/regressors good performance on training data does not imply at
least equal generalization/prediction performance: a set of classifiers or re-
gressors with similar training performance may have different generalization/prediction
performances, in particular if the test dataset used is not representative of
the future field data. In such cases, combining the outputs of many classi-
fiers/regression function by averaging might reduce the risk of selecting a
poorly performing classifier/regression function and, consequently, having
poor performance: it must be pointed out that the averaging may not per-
form better than the best classifier /regression function in the ensemble, but it

certainly reduces a lot the overall risk of making a particularly poor selection;
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FIGURE 2.7: Bias-variance tradeoff[94]

¢ Large/small volumes of data — some applications involve volumes of data that
are too large to be handled by just one classifier/regression function. In such
cases, partitioning data into smaller subsets, training different classifiers/regression
functions with different subsets of data and combining their outputs using
combination rules widely has proved to be a more efficient and effective ap-
proach. On the other side, ensemble methods have been used also to ad-
dress problems involving too little volumes of data. Having a representa-
tive and adequate training dataset is of primary importance for the classifi-
cation/regression algorithm to successfully learn the underlying complexity
of data and making predictions. In absence of this, resampling techniques
can drawn overlapping random subsets from the available data, that can be
successfully used to train different classifiers/regression functions and, then,

creating the ensemble;

* Complex decision boundaries — some problems are just too difficult for a given
classifier or regression function to solve, because the decision boundary that

separates data of different classes may be too complex or lie outside the space
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Training Data Examples
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FIGURE 2.8: complex decision boundary that cannot be learned by
linear or circular classifiers[94]

of functions implemented by the chosen classifier/regression model. For in-
stance, a linear classifier cannot successfully deal with a complex decision

boundary as the one depicted in 2.8.

However, an appropriate combination of an ensemble of linear classifiers can
learn that nonlinear boundary; for instance, as in 2.9, a collection of circular
or elliptic decision boundary generated by an ensemble of such classifiers can
deal with the underlying complexity of the decision boundary dividing the
data space into smaller and easier to learn partitions, where each classifier
learns only one partition. Despite the example above referred to a classification
problem, obviously the same is valid for a regression problem, where a com-
plex distribution of numerical data can be learned and predicted an ensemble

of decision tree, for example.

Data fusion — when various data set from different sources and with heteroge-
neous features are available, a single classifier/regression model cannot han-

dle effectively the information within all the data. In such cases, ensemble
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FIGURE 2.9: Ensemble of classifiers spanning the decision space [94]

based methods can perform a data fusion process, namely integrating multi-
ple data sources to produce a more consistent, accurate and useful information
than provided by any individual data source. In detail, test from data with
different number and type of feature, which cannot be used jointly to train
a single classifier or regression mode, are used to train different classifier or

regression models, whose outputs are combined into a single one.

In order to set up an ensemble learning method, the first step is to select the
base models that have to be aggregated; by literature, an ensemble model is said
homogeneous when it takes a single base learning algorithm and weak learners are
trained in different ways. Viceversa, other ensemble learning methods use different
kind of base learning algorithms: so, heterogeneous weak learners are combined
into a so called heterogeneous ensemble model.

Common types of ensembles are [77]:

* Bayes optimal classifiers — is an ensemble of all the hypotheses in the hypoth-

esis space;
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Bayesian parameter averaging — approximate the Bayes Optimal Classifier by
sampling hypotheses from the hypothesis space and combining them using

Bayes’ rule;

Bootstrap aggregating (bagging) — builds multiple models, typically of the

same type, from many subsamples of the training dataset;

Boosting — it consists in building multiple models, usually of the same kind,
and each of them learns to fix the prediction errors of a prior model in the

chain;

Stacking — building multiple models, in most cases of different each other, and
having a supervisor model that learns how to best combine the predictions of

the primary models;

Bucket of models — it is a model selection algorithm based on cross-validation

that is used to choose the best model for each problem;

The implementation of ensemble modelling mainly involves the two following

steps[37]:

1. several sub-models are implemented;

2. their forecasting results are compared, weighted accordingly to their accuracy

metric and combined to generate the optimal output of the ensemble model.

Regarding the general ensemble modeling process, accordingly to the literature

[119], there are two main strategies that can be performed:

* homogeneus modeling;

¢ heterogeneous modeling.

In homogeneous modeling, the original dataset sub-samples are created and then

processed through a single machine learning model. Their results, so called base-

learner, are weighted based on their prediction performances, which are evaluated

accordingly to choosen metrics. Then, they are combined into the ensemble model.

Accordingly to the available literature, two additional paths can be followed [5]:
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¢ sequential learning;

e parallel learning;

The sequential learning, also known as in series learning, generates base learn-
ers sequentially in order to exploit their interdependence: typical example of this
technique are the boosting algorithms [98]. The parallel learning refers, instead, to
bootstrap aggregation method [23] and it generates base learners in parallel to ex-
ploit conversely their indipendence. From this different way of working, it comes
that the former aims to reduce the variance of each base learners estimates, while
the latter targets the bias reduction.

Moving on to the second strategy for ensemble modeling, the heterogeneus mod-

eling, it is referred to stacking techniques[128] and develops in two steps:

1. training on the same dataset several different single forecasting models;

2. give the ensemble model weighting the forecasting results from each base

model.

Obviously, the choice of weak learners must be as much as possible coherent
with the model aggregating process: if base models are characterized by a low bias
and high variance, the chosen aggregating method must tend to reduce variance,
and viceversa [94].

Accordingly to the most recent literature findings, this approach have been found
to outperform both single and homogeneous machine learning models because of
their inherent ability to leverage the point of strenghts of the different implemented
models [57], ability to handle complex patterns in time-series data [133] or forecast-
ing scenarios [54], incorporating LSTM architecture in the model and endowing it
with the capacity to catch hard to find non-linear relationships among input and out-
put variables: these features give unique versatility, adaptability and performance
robustness in many applications [106].

Because of their extreme flexibility, enseble methods have gained interest for
building energy consumption modeling and forecasting (BECMF), providing gen-
erally better prediction accuracy compared to single models. Obviously, every gain

comes at a cost, that for ensemble methods is the complexity increase: in fact, their
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implementation can be some how challenging and it usually requires a good ma-
chine learning expertise to select the right approach. Furthermore, it is considered
as a fully black-box process and their case studies until now have been performed

on short-term time horizon forecasting [20].

2.2 Forecasting horizon

Forecasting horizons are usually split in short, medium and long-term [75, 130], each
of them aiming at different energy management and saving scopes, that can be listed

as follows in descending order of citations:

¢ short-term: ranging from the next minute to the next week, it is an essential
tool for building energy systems management such as HVAC systems [38] or
to manage local energy production, storage and supply [21]. It represents the

majority of the case studies.

¢ medium-term: with a range from the next week to several months ahead, it
is implemented mainly for energy storage systems and building equipment

maintenance planning [90].

¢ long-term: it provides information from the next year and over and it is widely

used for designing and planning tasks [90].

Although essential for long-term sustainability strategies, only a minor propor-

tion of the case studies seem to cover this time horizon[20].

2.3 Forecasting scope

Concerning the purpose of forecasts, the literature shows that a large proportion of
publications refer to overall energy forecasts and forecasts of thermal and cooling
loads (separate or combined), while a very small proportion of studies deal with
other loads forecasts. In this regard, the literature shows that there is a gap with
regard to the forecasting of other energy loads, such as lighting and motive power,

which in many cases can account for a large share of the overall demand in certain
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building categories, especially the less complex ones such as residential buildings

[35, 45].

2.4 Accuracy metrics

The choice of the right metrics is one of the key steps for the successful training of a
machine learning algorithm and the optimisation of its hyperparameters. In general,
it can be stated that each metrics provide unique informations about model forecast-
ing performances and behaviour, whose value lies in the choice of the most represen-
tative metric during model training and optimization of its hyperparameters, as well
as in the comparison with other metrics in order to obtain further information useful
for understanding the phenomenon and how to improve the forecasting model. In
fact, they are able to prioritise the robustness of a model or its optimisation for spe-
cific tasks, depending on what the objective of the work being done is. In general,
every metric start from the definition of error e;, that is intended as the difference

between the observation Y; at time ¢ and its corresponding forecast F;, in formula:

ey = Yt — Ft (249)

According to the literature, there are four types of metrics that can be used to

measure time-series forecast performances[52]:
* scale-dependent measures;
* measures based on percentage errors;

e measures based on relative errors;

relative measures.

Scale-dependent measures are among those commonly used in literature and
their took their name from the fact that their scale depends on the scale of data itself.
This type of metrics are useful when used on the same dataset or set of data having
same scales, while it should be avoided across datasets that have different scales
(unless a scaling process, obviously). Among the most widely used scale-dependent

metrics there are those based on absolute errors and squared errors:
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Mean Squared Error (MSE) = mean(e?) (2.50)
Root Mean Squared Error (RMSE) = vV MSE (2.51)
Mean Absolute Error (MAE) = mean(|e;|) (2.52)
Median Absolute Error (MdAE) = median(|e;|) (2.53)
Mean Bias Error (MBE) = metm(‘jﬂ) (2.54)

From an historical point of view, MSE and RMSE are popular among authors
because of their theoretical relevance in statistical modeling. The second one is more
widely used because of being in the same scale of the data, although their sensitivity
to outliers caused their use to be not reccommended in the evaluation of forecast
accuracy [10].

The second family of metrics, that are based on percentage errors, has the advan-
tage of being independent of the scale of the data. This makes them particularly use-
ful and therefore widely used to make possible performance comparisons of models

operating on different datasets. Defined the percentage error as follows:

pr =100 — (2.55)

the widest used percentage error-based metrics are:

Mean Absolute Percentage Error (MAPE) = mean(|py|) (2.56)

Median Absolute Percentage Error (MdAPE) = median(|p;|) (2.57)

Root Mean Squared Percentage Error (RMSPE) = \/mean(p?) (2.58)
Root Median Squared Percentage Error (RMASPE) = \/median(p?) (2.59)

The main flaw, or disadvantage, of this type of metric is the fact that it gives
an infinite or indefinite result when Y; = 0 for any f in the period of interest or
has an extremely skew distribution for values close to zero. The most immediate

consequences are that generally MAPE may be often larger than MdAPE and it is
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impossible to rely on these metrics if data involves small counts, because Y; equal
to zero may occur frequenty.Further related to this is the fact that these metrics, in
order to be used effectively, presuppose as an assumption that the measured quan-
tity is characterised by a significant zero, which for example makes them unusable
in the case of temperatures in degrees Fahrenheit or Celsius. A further element of
caution in the use of these metrics is that they generally place much greater weight
on ‘positive” errors than on ‘negative” ones. By virtue of this, in order to mitigate
the negative aspects while retaining the positive ones of a metric independent of the
scale of the data, alternative metrics to MAPE and MdAPE[63], known as ‘symmet-
rical” metrics, or transformations, e.g. on a logarithmic basis, have been evaluated
over time to make them more stable. [29]

The third family of metrics, based on relative errors, is also independent of the
scale of the data and is characterised by a different scaling of the data. In particular,
these metrics refer to the comparison between the error e; and the error obtained
through another benchmark forecasting method e, formulated as follows:

et

re = (2.60)

*
€}

Usually the benchmark method mentioned is the random walk, from which de-
rives that F(t) is equal to the last observation. From the r(t) formulation is possible

to derive the following metrics:

Mean Relative Absolute Error (MRAE) = mean(|r;|) (2.61)
Median Relative Absolute Error (MdRAE) = median(|r¢|) (2.62)
Geometric Mean Relative Absolute Error (GMRAE) = gmean(|r;|) (2.63)

and so forth. From literature, however, it results that among the most used rel-
ative errors based metrics there are the MARAE and GMdRAE [11, 39]. Moving to
their use and characteristics, an element that makes the use of this type of metric
critical lies in the fact that the benchmark error ¢; has a positive density probabil-

ity for zero values,resulting in a particularly high variance (ideally infinite) of ()
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when ¢} has small values. In order to fix this inconvenient, by literature is suggested
the use of "winsorizing" to trim the extreme values[11]: this process help to avoid
the above mentioned hurdles related to e; but conversely it translates in additional
complexity to calculations and, morover, a certain grade of arbitrariness in specifing
the amount of trimming.

As a final category of metrics for measuring performance in time series forecast-
ing there are relative measures, which are represented for example by the relative

mean absolute error (ReIMAE), expressed as follows:

MAE

R [ A E R AE) = ——— 2.64
elative Mean Absolute Error (Rel MAE) MAE, (2.64)
MBE
Normalized Mean Bias Error (NMBE) = 7 (2.65)
t

Similar measures can be defined also for RMSEs, MdAEs, MAPEs, etc., according
to the specific situation and need. In more detail, for such calculations, the random
walk or "naive" method (where F; is equal to the last observation) is the most com-
monly used benchmark method for this type of calculations, together with the fre-
quently used mean method (that is, F; equal to the mean of all the observations). The
main advantage of this methodology is their intepretability, by making it immedi-
ately clear if the proposed forecast method is bringing an improvement compared to
the benchmark forecast method: for instance, ReIMAE < 1 means that the proposed
forecast method is performing better than the benchmark and conversely for Rel-
MAE > 1. On the other hand, among the negative aspects it is worth to mention that
this metrics require several forecast on the same series to make it possible the MAE
(or MSE and so on) calculation. A common situation where it is not possible to im-
plement such metrics are those when accuracy forecast is measured out-of-sample
across multiple series. Despite their horizon can be only one, it make no sense to
measure for example the MAE across multiple series, because of the different scales
they may have. Among the relative measures, another metric used is the "Percent

Better" that is formulated as:

PB (MAE) = 100% - mean(IMAE < MAE,) (2.66)
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PB (MSE) = 100% - mean(IMSE < MSE}) (2.67)

where [ is an operator that yields the values of zero or one, in accordance with

the expression:

1,if MAE < MAE,
I(e}) = (2.68)

0,if MAE > MAE,

1,ifMSE < MSE,
I(e)) = (2.69)
0,if MSE > MSE,

for MAE and MSE respectively and similarly for any other metrics used. This
kind of metric has the merit to highlight the percentage of cases when a forecast
method is better than the benchmark method, but it does not return any information
about the possible improvement that can be achieved. For example, the forecast
method could have a MAE slightly better than M AE, in 99 cases and one single case
with a MAE far worse that could vanish all the 99 slight improvements, without the
metric returning this information.

Sorted in descending order of use in the literature, among those most frequently

used are[20]:

* Mean Absolute Percentage Error (MAPE);

* Root Mean Square Error (RMSE);

¢ (Coefficient of Variation of RMSE (CV-RMSE);
e Mean Average Error (MAE);

e Coefficient of Determination (R?);

* Mean Square Error (MSE);

* Mean Relative Error (MRE);

¢ Mean Bias Error (MBE);

e Normalized Mean Bias Error (NMBE).
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In some rare cases, specific metrics are also available in the literature, such as rel-
ative error[62], average error[80] and accuracy rate [116], but will not be addressed
in this thesis, as the aim is to maintain a general, replicable and robust approach to
individual applications.

In more detail, according to literature sources above mentioned, MAPE, RMSE,
CV-RMSE and MAE have the largest share and are respectively assessed in 53%,
47%, 38% and 36% of the reviewed studies, while the other remaining R?, MSE,
MRE, MBE and NMBE are far less used, in detail they are implemented in 27%, 16%,
9%, 2% and 4% of the cases.

As it can be easily imagined, each metric provides specific information on fore-
cast performance and model behaviour for each dataset [52]. One of the first choices,
for example, is whether to employ unit-based (such as MSE or RMSE) or error per-
centage metrics, where the firsts should be preferred if the study is focused mainly
on a single model, dataset or building typology, while contrariwise the seconds bring
more information in comparing a moltitude of them. A further element influencing
the choice of metrics lies in elements surrounding the problem addressed, but no
less important for that, such as data availability. It should come as no surprise that
the most frequently used metrics correspond precisely to those that require less data
in order to be considered sufficiently representative, since, according to the litera-
ture consulted, in the majority of case studies (namely 59%) the simulations are run
with less than a year’s worth of available data[20], an amount often not sufficient to
evaluate the use of other metrics than the firsts four, with significant and meaningful

results.

2.5 Data characteristics

Input data are the driver of all the approaches and techniques, directly affecting
modeling and forecasting performances. Data characteristics can be classified in the

following types [20]:
* origin of data;

o features;
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* timeseries granularity;
¢ amount of data used for training;

Looking at the origin of the data, in their turn are listed as real, simulated or
benchmark, depending if they are extracted from devices or documents (like energy
meters/environment sensors or billings respectively), physics-based models related
to existing or unexisting buildings (using softwares like Energy Plus or Trynsis, for
example) or publicly-available dataset for research scopes and comparing forecast-
ing algorithm performances respectively. Moving to the features, according to the

literature above mentioned, it can be divided in six groups:
* weather data, grouping all the weather data related to outdoor conditions;
¢ indoor environment, used to characterize the indoor building conditions;
* occupancy and occupants behaviour;

e time indicators, that deliver informations about how the building is used and

its energy behaviour;

* past time-steps, accounting the potential impact of past events on the present

and predicted building energy needs;

* building characteristics, that is information about the building passive and ac-

tive systems, maily related to the envelop and plants/utilities respectively.

Other parameters or types of information, such as barometric pressure, cloud
cover or evaporation, are usually given little consideration due to their little in-
fluence on building energy consumption and requirements. Regarding all of the
informations above mentioned, of course, involve an effort to be acquired and, con-
sequently, can be said to represent a cost, be it purely technical or even economic.
The first two types are considered to be among the most influential in affecting the
energy consumption and needs of buildings: in more detail, outdoor air tempera-
ture, outdoor relative humidity and solar radiation are included in several studies in
the literature[20] and, because related to the internal comfort of the buildings, espe-

cially the tertiary ones, they are strongly related to energy consumptions and needs
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[4]. Furthermore, these variables are also among those usually easy and cheap to
acquire, as they are normally available from sensors, simulations or possibly public
databases. In this regard, variables such as building occupancy, on the other hand,
are among the least used precisely because they are difficult and expensive to ac-
quire and, above all, to update over time, despite the fact that the energy needs of
the building and its use are recognized among those with the greatest impact. Pre-
cisely, because one of the main challenges lies in the acquisition of the occupancy
measurements of the rooms and the building[132], in some cases reference has been
made to estimates occupancy based on the opening hours of the buildings: in more
detail, time related variables, for example type of the day, day of the week and time
of the day are considered in order to replace other time-dependent measurements
such as occupancy, weather and equipment usages. Similar considerations can be
done for past load energy demands, which are considered because of the informa-
tion they can bring related to buildings operating conditions and similar events to
the future states of the building energy demand. Despite their widely recognized
importance and a good number of publications reling on this data characteristics, in
many cases availability issues arise, with only a minority share of publications that
can lean on one or more years of data.

Thus moving on to the third category of data characteristics, timeseries granular-
ity, it is usually linked to the need of the studies being carried out and does not rep-
resent a technical limit, obviously except in cases where there are no monitoring sys-
tems adequate for the purpose. In this regard, small timestamps or high frequency
samplings, for example 1 minute, are usually utilized in all those situations where
one is interested in being able to identify and reproduce specific events on small time
scales that influence the energy demand patterns of a building. On the other hand,
they can induce high variances in the temporal forecasts of energy demands, in-
troducing complexity and, consequently, important challenges in obtaining accurate
forecasts[70]. On the contrary, larger granularities, such as data ranging from weekly
to monthly, are usually useful for acquiring informations about the characteristics of
the envelope[111] or because they are linked to socio-economic aspects[134], but in
no way are they applicable and useful in forecasting the energy needs of a building

for its daily management. The fourth and last category of data characteristics is the
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Training data Validation data Test data

b

FIGURE 2.10: Typical training-validation-test data split ratio[12]

amount of data used to train, test and validate the models. This characteristic is,
obviously, particularly important in all those so-called data-driven techniques and,
for which, it generally turns out to be one of the most painful points, since such tech-
niques usually need significant amounts of data from the first training phase for the
performance and the related metrics to be satisfactory. With reference to the latter, in
particular, the literature review shows that almost half of the presented case studies
rely on a quantity of data between one and six months and a slightly lower share
characterised instead by datasets with more than a year of data[20]. In addition to
the amount of data itself, it is also very important how the data is divided between
training, testing and the possible validation set: in the literature, there are differ-
ent data splitting ratios, but it can be considered that a good ratio is around 80:20

training/test set [55], or 70:20:10, if the validation set is also present[12].

2.6 Data preprocessing

Data preprocessing, also known as data cleaning or data preparation, is the process
of detecting and correcting corrupt or inaccurate records from a dataset, identifying
incorrect, incomplete, irrelevant parts of the (raw) data and then modifying, replac-
ing or deleting the dirty or coarse data[97]. It is a crucial step in every modelization
project, especially those involving machine learning ones, but at the same time it is

important to highlight that no all the data have to undergo it, according to literature.
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Typical application of data preprocessing techniques are noise removal, features ex-
traction, outliers minimization or removal, dealing with missing attributes/values,
fractured data reparation, determining incompatibility among other used parame-

ters, mapping relationships (multiple parameters) and other purposes [36].

2.7 Research gap

The literature review has highlighted that a wide range of solutions are available for
forecasting the energy needs of a building. Indeed, the choice between single mod-
els and combined models highly depends on the type of forecast and on the specific
requirements of the case study. Looking for the best model or algorithm for each ap-
plication is far from being a real artificial intelligence approach since it always relies
on human setup and skills. Furthermore, it must be pointed out that, usually, a good
approach today might not be as good in the future, so there is no sense in looking for
the best global model and best algorithm for a case-based situation. In addition to
this, many self-claimed artificial intelligence models may be weak in terms of how
they adapt to unfavorable contexts, such as lack of data. Every mentioned algo-
rithm relies only on monitoring data, which makes them useless if the monitoring
system is unavailable. Moreover, they are not robust enough to manage unforeseen
circumstances because of too intrusive statistical-based data-cleaning approaches,
case-based models, and time-consuming hyperparameter optimization algorithms.
For all these reasons, it is believed that the most appropriate approach is to equip the
algorithm with a set of models (e.g., combined models) and optimization tools that
can deal with different events that it might face, predicting the building energy de-
mand with adequate accuracy and precision. Furthermore, this approach can prove
useful when there is a lack of data.

In addition, to the best of the author’s knowledge, the available literature does
not address the problem of data scarsity through similarity methods, resorting rather
in some cases to data generated by simulations (so-called synthetic data). Further-
more, the models usually are difficult to adapt and reuse in other contexts or in the
presence of events that are not clearly defined within the source dataset. This the-

sis fills this research gap by introducing a new method having the following fully
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automatic features:

¢ A similitude criteria, which allows to overcome the data lack issue through the
historical data from similar buildings, in order to effectively train and test the

model;

¢ A data preprocessing and hyperparameter optimization procedure, which aims
at the same time to further improves the combined model performance and

making its development human skills free;

¢ A methodology to compare different data-driven models and the select of the
most suitable onem based on performance evaluation metrics that can be mod-

ified according to specific needs, making it adaptable to every context.
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Method Pros Cons Reference Use case
University,
71 electricity
Office,
Potentially [87] heating and
Easy inaccurate cooling
LR and in [61] Office,
fast short-term cooling
forecasting School,
69 eating an
[69] heating and
cooling
Residential,
[134] heaﬂgg'
Instable with COONNS,
noise and electricity
Flexible outliers Residential,
DT ' and not good [111] heating,
interpretable . and
for nonlinear .
data cooling
[112] Residential,
electricity
3] Tertiary,
Case : electricity
Highly flexible dependency, Residential,
ANN and adaptable subject to [65] electricity
overfitting Educational,
[38] .
cooling
Residential,
Manage large Complex [83] heating and
and complex set up, cooling
datasets, resource University
SVM effective with intensive, [66] and
high sensitive to offices,
dimensional hyper- electricity
features, parameters [43] Office,
robust electrical
Residential,
High accuracy Resource [27] heatmg and
. . - cooling
Improved and automation, intensive, Universit
models able to handle data-hungry, and y
complex tasks complex [135] offices,
electricity
Residential,
Robust Opaque, [104] heating and
versatile, resource cooling
Ensemble . . —
easy to intensive, Institutional,
models . [120] L.
implement complex electricity

TABLE 2.1: Data-driven approaches for forecasting building energy

demand.
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Chapter 3

Materials and Methods

3.1 Introduction

The literature review has highlighted that a wide range of solutions are available
for forecasting energy needs of a building, but no one of them is a real winner in
this task. Looking for the best model or algorithm for each application is far from
being a real artificial intelligence approach, relying every time on human setup and
skills. Furthermore, it must be pointed out that usually a good solution today might
be a bad one for the future, so looking for the best model and best algorithm for a
case-based solution sounds like a no-sense. In addition to this, those data-driven
approach or self-claimed artificial intelligence models are weak on a main aspect
that differs on what is intelligent from what it is not: adaptability to unfavorable
context, i.e. lack of data; every algorithm mentioned relies only on monitoring
data, that makes them useless if the monitoring system is not available, and are
not robust enough to manage unforeseen circumstances, because of too intrusive
statistical-based data-cleaning approaches, case-based models and time-consuming
hyperparameters optimization algorithms. Accordingly, the first one is to identify a
structure that is similar to the one under investigation and for which it is possible
to derive energy demand profiles. To do this, criteria have been established to trace
similar structures, even when a substantial database of information is not available.
This work aims to provide a codified and usable form of criteria and ways of op-
erating usually shared by professionals, of which little or nothing can be found in
literature and which are often learned experientially. In more detail, the similarity

approach is based on a multi-level validation, where the first level is based on the
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physical/structural characteristics of the buildings, while the second level uses arti-
ficial intelligence techniques to analyze energy demand profiles and patterns. This
double validation clearly makes the results more robust, as the similarity approach
is based both on objective characteristics of the buildings and on the analysis of their
energy demand behaviour. This makes the similarity criterion overall easier to un-
derstand and adapt to the individual context, without giving up the power of more
structured, but less transparent, methods such as those in the Al field. The two levels
of similarity validation allow for an initial "static" assessment based on the overall
"structural” characteristics of the buildings (defined as geometry and intended use),
while the artificial intelligence models enable a "dynamic" assessment of their be-
havior, capturing complex and nonlinear relationships in energy demand patterns.
This final step allows for the validation or, if necessary, correction of the prelimi-
nary conclusions from the first one, providing a more complete and sophisticated
assessment of the actual similarity between the buildings.

In this sense, the "first level" based on characteristic ratios provides an initial
quantitative assessment of similarity. This allows to exclude buildings that are too
different from each other, thus reducing the risk of comparing intrinsically incon-
sistent buildings and improving the algorithm’s efficiency, focusing computational
resources and more complex analyses on potentially similar ones.

Once a similar structure or energy demand profile has been identified based on
available consumption information, the first consideration when making predictions
of any kind is that the historical series on which they are based and referred to must
be representative of the phenomenon under analysis and, for this reason, free of
outliers that negatively influence the results.

After the data cleaning step, input variables of the dataset are normalized, in or-
der to balance all the input features and mitigate the effect of variables with large
numerical values or extensive ranges, that could exert a disproportionate influence
on the model’s performance. This normalization procedure, indeed, aims to avoid
that single variable unduly skews the model’s predictions due to its scale or vari-
ability.

At the end of this phase, as the final preprocessing step, for each of the energy

needs to be forecasted, the dataset will be divided into a training set, a test set, and
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a validation set. In more detail, the training set and the test set will be used to train
and test the model used to validate the similarity between the target building and
the building selected as similar, while the training set and the validation set will be
used for the subsequent predicting phase, in which a futher model is used to forecast
the energy needs of the target building.

After the "first level" and the preprocessing phase, the "second level" of the sim-
ilarity criterion takes place, aimed at identifying through a "cooperative learning"
approach the best Al model to validate and represent the similarity between build-
ings. In more detail, the cooperative learning is an artificial intelligence approach
that focuses on the collaborative analysis of different data sources or models, with
the goal of identifying and validating common patterns and similarities between
them. This is not a true knowledge transfer, but rather an exploratory process that
aims to understand whether and to what extent different domains share significant
characteristics: in the specific case of buildings energy needs, this phase allows to
verify whether two buildings exhibit similar energy behaviors, statistically validat-
ing these similarities through machine learning models.

At an operational level, the algorithm selects the most significant variables for
each model and the target variables, ranking them by importance based on their con-
tribution to maximize the chosen metric. It employs a progressive scoring system,
utilizing only the highly correlated variables or incorporating additional variables
if they enhance the metric, and it aims to optimize the model’s performance while
mitigating overfitting issues. At this stage, the model with the highest R2, justed 15
considered more reliable, while the other metrics have more a control scope.

In this regard, using a specific model, especially the one with the best metrics, to

compare and validate the similarity between buildings ensures several advantages:

* a fair comparison, as using the same model for all buildings to be compared
with the target building ensures a uniform basis for comparison: any differ-
ences in the results, therefore, will be due to the characteristics of the buildings

themselves and not to the type of model used;
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* a standard procedure, as the use of a single model allows for a single, con-
sistent comparison method across all buildings, simplifying the analysis pro-
cess and thus allowing for clearer interpretation of the results. Furthermore,
if a model has proven to be more effective at identifying common energy de-
mand patterns between the target building and potentially similar buildings,
it clearly makes sense to use it for all the next comparisons (given its greater
ability than other models to detect similarities and differences, as well as pro-

viding more reliable and consistent results);

Comparing the results between multiple models, in fact, would have introduced
greater complexity, due to the need to manage multiple models simultaneously, but
above all greater difficulties in interpreting and validating the results, especially
in the case in which conflicting results were to emerge, making it difficult to jus-
tify which one to consider more reliable and with the risk of ending up making a
completely arbitrary average of the results; in general, a single well-chosen model
certainly provides clearer and more direct results, thus simplifying the subsequent
presentation and discussion phases, as well as making the methodology itself more
linear and understandable.

Once the most performing model and the set of variables most correlated to the
phenomenon have been identified at the end of the cooperative learning phase, the
predictive (i.e. transfer learning) phase of the model begins. In more detail, transfer
learning represents a more advanced technique that allows to transfer the knowl-
edge acquired from a source domain to a target one. This approach is particularly
effective when limited data is available in the target domain, as it allows the use of
learning performed on a related task. In the context of building energy needs fore-
casting, once similitude has been validated through cooperative learning, transfer
learning is implemented by training a new model on data from the source building
(that is similar) to forecast the energy needs of the target building. This knowledge
transfer is possible thanks to the preliminary validation of energy similarity and the
selection of relevant variables identified during the cooperative learning phase. The
new model then leverages the acquired understanding of the source building’s en-

ergy patterns to generate accurate forecasts for the target building.
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The use of two separate models, one for similarity and one for forecasting the

energy needs of buildings, is believed to have the following advantages:

* better performances, as the similarity model is optimized to identify common
patterns between the target building and buildings selected as similar, while
the predictive model is specialized to forecast time series and, therefore, energy

needs: this also ensures that each model can be optimized for its specific task;

¢ method transparency, as the separation of tasks between the two models makes
their use and mutual purpose clearer: the first model has the task of validating
the similarity hypothesis coming from the "first level", while the second model

applies this knowledge for forecasts;

* control, as the use of two distinct models makes it easier for each phase to un-
derstand the results of each phase and better identify and resolve any problems

that may arise, as well as optimise each step separately.

Once these steps are completed, both the model used to verify the similarity
between the buildings and the one used to predict the needs of the target building,

based on knowledge of those of the similar building, are selected.

3.2 First-level similitude

The algorithm developed requires following the steps outlined in Figure 3.1, which
aims to replicate the steps typically taken in investigating the energy performance of
a building (as described, for example, in the UNI CEI EN 16247-1 standards regard-
ing energy audits). In particular, to establish similarity between two buildings, it is

necessary to investigate first the following variables:

Intended use;

Climate area;

Year of construction;

Geometric factors (volumes, surfaces, number of floors above ground);

* Energy needs ratios;
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* Beds (in the case of hospital facilities).

The variables above listed are considered having in mind the criterion that sim-
ilar buildings have similar energy demands. In the list order, the intended use typ-
ically drives the energy demand profiles shape on different time scales, whether
short, medium, or long term. The climate zone typically impacts the magnitude of
the energy demands, especially those correlated to the weather factors like thermal
and cooling needs. The year of construction, instead, is generally linked to the con-
struction criteria adopted and, consequently, with the energy class and, therefore,
energy losses of the building (recently constructed buildings, in particular, must
meet specific requirements, as stated in the European Directive 2010/31/EU). Ge-
ometric factors, such as surfaces and volumes or their ratio (known as building form
factor), affect both the definition of comfort-related needs and energy losses: in other
words, the building envelope efficiency level. Finally, in the case of hospital struc-
tures, the number of beds is typically an indicator of the level of service and the
technological intensity compared to other buildings with the same intended use: in
particular, low number of beds with the same surface area indicates a high level of
technological intensity, due, for example, to a high incidence of intensive care units,
resuscitation or high-dependency units. Once a set of buildings having similar char-
acteristics is identified, it must be checked whether they have or not characteristics
that could be considered in similitude with each other. In this regard, the various
energy demands are analyzed and the quantities influencing their behavior and,
consequently, their profiles are determined. In more detail, it is well-known that
heating is influenced by volume and heating degree days during winter, while cool-
ing by surfaces area and cooling degree days during summer. Because they are also
impacted by the building level of service and its technological intensity, a third ele-
ment of similarity is added to these two elements: for hospital facilities, because the
more they are advanced and the more space they offer to their residents, it is decided
to combine it with the total surface area and the number of beds ratio. The same ap-
plies to electricity and steam consumption, which are usually related to the intensity
of care provided and the number of hospitalizations that the facility can accommo-

date. In general, each requirement of the i-th facility is assumed to be a function of
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given combinations of parameters, as reported in the following equations:

HD; = f(V;,, HDD;, Zi) (3.1)
CD; = £(S;,CDD;, Zi) (3.2)
ED; = £(;)) (33)
SD; = f(;'i) (3.4)

Hence, the similarity criterion between i-th and j-th facilities provides that:

HD;; = knp, - HD; = HD; (3.5)
CD;; = kep,; - CD; = CD; (3.6)
ED;; = kep,, - ED; = ED; (3.7)
SD;; = ksp,; - SD; = SD; (3.8)

where:

) (3.9)

S
s, CDD; §
kCD,‘/,’ - f(S]/ CDD]/ %) (310)
]
S;
S
kep, = () 3.11)
B;
S;
S
ksp,; = f(5) (3.12)
B;

Thus, the i-th structure can be held in similarity with the j-th structure if:

HD;
—1 1

D, (3.13)

cbi (3.14)

CD;
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ED;

=1 3.15
SD;

=1 1
5D, (3.16)

within a range of +/- 10 %. Once this step has been completed, the j-th building
can be assumed similar to the i-th building. The creation of the raw dataset requires,
at this point, that the data of the j-th structure (Whose consumption is unknown) are

simply linked to those of the i-th structure (the consumption of which is known).

3.3 Second-level similitude

As mentioned in the introductory chapter, the second level of similarity aims to ver-
ify and validate its existence at the "dynamic" level, identifying common patterns
and complex relationships in the profiles of different energy needs. To this end, it
is necessary to define dedicated metrics that provide a measure of the validity of
this similarity, select the most influential variables, and optimize and train a model
that serves as a common basis for further comparisons. The following paragraphs

provide more information on the individual steps mentioned above.

3.3.1 Preprocessing

Data preprocessing stands as a critical cornerstone in the thesis pipeline, playing a
pivotal role in the efficacy and reliability of predictive models. This essential step
involves a series of automatic techniques aimed at transforming raw data into a
format that is both suitable and optimal for subsequent analysis and modeling. In
this context, preprocessing not only enhances the quality of input data itself but
also significantly influences the performance, interpretability, and generalizability
of machine learning algorithms implemented. Techniques such as normalization,
feature scaling, handling missing values and dimensionality reduction are instru-
mental in mitigating biases, reducing noise, and uncovering latent patterns within
the dataset. Moreover, effective preprocessing can address common challenges deal-
ing with real-world data, fostering more robust and accurate models. The judicious
application of preprocessing methods lead to improved convergence rates during

training, reduced computational complexity, and enhanced model stability across
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diverse datasets and events. As such, a thorough exploration and implementation
of data preprocessing techniques is not merely a preliminary step but a fundamental
aspect that can significantly shape the trajectory and outcomes of machine learn-
ing models, warranting in-depth investigation and analysis within the scope of this

work.

3.3.1.1 Data structure and data type

Once the structure in similarity is identified, the algorithm proceed with “prepro-
cessing” of the data. As it can be observed by figure 3.1. The first step of prepro-
cessing involves establishing the structure and type of the datasource, which must
then be processed by the algorithm to define the dataset used for training the build-
ing energy demands prediction model. To this end, the first step of preprocessing
involves determining whether or not the energy demands of the building in simi-
larity are available. In more detail, depending on the situation, two data structures
are identified, which through appropriate steps will allow defining the rawdataset
that will be preprocessed. If energy demand data of the structure in similarity are
available, these will be joined to input variables mentioned in paragraph 3.2, consti-
tuting the raw dataset. If, on the other hand, the energy needs of the similar building
are for some reason unavailable, such as because the building is very small and the
benefits of more detailed monitoring would not outweigh the costs of installing one
or more additional submeters, the algorithm can calculate them through the con-
sumptions or absorptions of the primary energy vectors measured to the respective
building meters and the efficiency chains between them and the building. Specifi-
cally, for heating, cooling or steam energy demands, the latter case will correspond
to the respective substations, where present, or the main pipe system detachments
from which distribution to the individual users usually takes place through spe-
cific circuits. For electrical energy demands, it will correspond to the low voltage
delivery point, which can be the secondary substations or the meter itself, depend-
ing on the size and the building absorptions. Finally, if there are self-production
systems, such as photovoltaic, solar thermal or cogeneration/trigeneration systems,
their contributions to the building’s energy needs must be appropriately taken into

account. For thermal, cooling and steam vectors, if building energy demand meters
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are installed at the branch off points or in the substations usually no special precau-
tions are necessary. This is because their production typically flow into the main
distribution network, making their contribution indistinguishable. Otherwise, once
the energy demands of the building have been calculated from its consumptions,
self-productions must be added to the latters, in order to obtain the actual building
energy demands. A small side note must be made, however, for dissipation sys-
tems, such as drycoolers or similar for the protection of internal combustion engines
for cogeneration/trigeneration systems, which must be subtracted from the respec-
tive overall demand. A separate discussion must be made, however, regarding self-
production of electricity. In the case of electricity self-production systems, such as
photovoltaic or cogeneration/trigeneration ones, the amount of self-produced elec-
tricity must be added to the quantities measured at the general meter or at the dis-

tribution cabin of the building, subtracting the amount sold to the grid.

3.3.1.2 Data cleaning

Once the raw dataset is established, data cleaning represents a necessary process for
accurate energy demands forecast. This is true in any strategy, model, and algo-
rithm for many (if not all) real-world applications, where the data quality is largely
impacted by the numerous situations and circumstances can affect the continuity
and performance of the data collection systems. This can happen because of, for
example, scheduled routine maintenance operations that need to be performed in a
planned or unplanned way, making necessary to power off the interested portion of
the system for safety reasons. For all these reasons, data preprocessing is a funda-
mental step to obtain the data quality required for training machine learning models
to produce satisfactory results in terms of correlation, precision and accuracy. In-
deed, the primary target is about preparing a dataset that allows the model to learn
significant correlations between input and output variables, so that it has sufficient
generalization capabilities to accurately predict unforeseen events. In order for the
training process to lead to a robust model, the pre-processing phase must address

the following key aspects:

* Outlier removal: anomalous or extreme values negatively affect the learning

process, leading to inaccurate or poor results. For these reasons, it is key to
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identify and handle outliers through techniques such as removal or replace-

ment;

* Missing value imputation: datasets frequently present missing or incomplete
data points, which need to be addressed through appropriate methods like

statistical imputation or learning-based estimation;

¢ Handling extreme values: excessively high or low values of the same variable
or compared to others have a negative impact model performance, making in-
put variables range more important than its actual correlation with the output
ones. To mitigate such extreme input values over the outcome, normalization

and clipping techniques are frequently implemented;

¢ Bias correction: datasets may present systematic biases or distortions, that can
even invalidate the model’s learning process and its consequent results. Data

sampling or weighting techniques are critical in identify and correct biases;

¢ Temporal dependency removal: data may be characterized by temporal de-
pendency or even correlations among instances, which are obviously unde-
sired while looking for input-output variables correlations '.In this situation,
randomization or shuffling techniques may be helpful to enable model learns

generalizable patterns.

Unlike to what is available in literature, the data-cleaning approach proposed
in this thesis is based on technical and engineering considerations. This choice is
made in order to both isolate outliers according to objective criteria and at the same
time still monitoring any anomalous phenomena occurrence. More specifically, the
data cleaning process is based on the building’s energy production plant technical
constraints. This is made through the identification of its components imposing the
slowest load ramp for each energy demand category, since all the others will neces-
sarily have to adapt to them and regulations systems will prevent too ramp ups or
downs that could impact the other items or machineries. Identifying the "weak" ele-

ments in the energy vectors supply chain clearly requires studying how and by what

t is different in reducing the forecasting maximum error, a situation when it may be even a desired
data feature
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Power rating Operation range Ramp rate
[MW] [%] [Y%opower\minute]
Gas boilers Up to 300 16-100 4-6
CHPs 0.01-20 30-100 20-50
Electrical chillers \Heatpumps 0.08-6 50-100 10-20
Absorption chiller 0.1-7.0 20-100 10-20
Electric grid — — 1-10

TABLE 3.1: Ramp limits of different types of power plant.

each of them are supplied. Specifically, for each of the energy demands, it is identi-
fied the supplying item with the lowest ascent or descent ramp, as it is technically
more vulnerable to stresses resulting from sudden load variations. Its correnspond-
ing limits values are set as a threshold for identifying potential outliers for each en-
ergy demand to be forecasted. The refinement of the data cleaning thresholds then
occurs thorugh successive iterations, analyzing the impact that the different values
have on the forecast of the building’s energy demand. Regarding the choice of limit
values, the literature mentions those concerning fire tube boilers, cogeneration en-
gines [7], absorption [1, 30] and electrically powered refrigeration units and heat
pumps [49] and electrical distribution [108], as reported in Table 3.1.

It is observed that those to be cautiously managed are the thermal ones, mainly
because of their usually high temperature differences, that can vary from 50°C de-
grees or more during the startup and shutdown phase to 10°C degrees while op-
erating at nominal loads. In fact, other energy demands and their plants are char-
acterized by less stressing temperature deltas. For example, cooling plants operate
usually with no more than 10°C during startup and shutdown phase to achieve a
temperature difference of 5°C degrees among supply and return flow at nominal
load. Aside, the electrical plants typically present very steep ascent or descent rates,
because the utilities can be turned-on or turned-off simply by opening/closing a
switch: to this effect, the electric chiller units are the slowest items, reason why the
electrical utilities acceptable ascent and descent ramps thresholds it is decided to be
considered coincident with those of the cooling units. About the thresholds setup, it
is worth mentioning that for a plant the typical most stressful and critical moment is
represented by the startup phase. This is because the imposed forcings may be exces-

sive compared to the structural and mechanical capacities of it, leading to materials
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fatigue or even failures. On the contrary, the shutdown phase is less critical, because
as a matter of fact it is physically impossible to impose a descent ramp on the plant.
Even in the case where everything is turned off instantaneously, the decrease in its
operating temperatures would be however linked to the dissipation rates, usually
around 2% /hour for plants of the sizes being studied. The only exception is repre-
sented by electrical plants, for which the previously mentioned reasoning applies.
In light of these considerations, for all the energy demands analyzed, it is decided
to impose as acceptable limit thresholds equal values for all the energy demands

according to the logic above mentioned.

3.3.1.3 Data normalization

Following the data cleaning step, the acquired dataset undergoes min-max normal-
ization. This process is essential to mitigate the disproportionate statistical influence
of variables characterized by large magnitudes or variation ranges over the smaller
ones. Normalizing them, namely making them vary among 0 and 1, allows to prior-
itize instead their actual correlation with the output variables. Once normalization
is completed, a further step is needed before splitting the dataset in a traning and a

test set and then proceeding with training the machine learning model.

3.3.1.4 Data splitting

Once the dataset has been normalized, it must be divided into a training set, a test
set, and a validation set. Data splitting is a fundamental preprocessing step that
can significantly influence the training of AI models and, therefore, have a signif-
icant impact on their performance and generalization ability: a correct split helps
to avoid overfitting problems and ensures an objective evaluation of the model’s
performance.

In more detail, the first phase involves dividing the data into training sets, test
sets, and validation sets, where the data from the similar building constitutes the
training set, while the data from the target building constitutes the test set and the
validation set in a proportion that must be defined (usually 80/20).

At this stage, the method sets a different use of datasets depending on the phase

in which the algorithm is operating. Specifically, the similarity verification phase
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involves a cooperative learning approach, in which data from the training set and
the test set are shuffled before proceeding with their split, model training and hy-
perparameter tuning. The goal is to ensure that the model is trained on a dataset
representative of both buildings and then verifies its similarity on an equally rep-
resentative dataset. To ensure that the similarity results are not given by chance or
a particularly performing data mix, once the model is trained, cross-validation is
performed both for hyperparameter tuning and for verifying model performance.
Conversely, in the transfer learning phase, the training set consists solely of data
from the similar building and the validation set from the target one. This is to verify
the effective transfer of knowledge from the energy demand model of one building
to the other.

This strategy differentiation reflects the different objectives of the two approaches:
cooperative learning aims to identify common and complex patterns across build-
ings, while transfer learning aims to effectively transfer knowledge from one to an-
other. Careful selection of the splitting strategy is therefore crucial to the method-

ological validity of the study and the reliability of the results obtained.

3.3.1.5 Data shuffling

Before proceeding with the model training, another crucial preprocessing step is the
“data shuffling”. In the context of this thesis, data shuffling plays a cornerstone role
in the model training process of the cooperative learning phase. In more detail, it
provides the dataset splitting into smaller batches or mini-batches for computational
efficiency reasons, ensuring that each one containes a random and diverse subset of
the entire dataset itself. Then, this process involves the randomly reorder of the data
points sequence within the dataset. It is worth to mention that this is obviously
carried out mixing training data with test ones. As described, this step allows to
effectively break any inherent patterns or correlation that exists out of the original
data collection sequence. The randomization mitigates also the impact of potential
biases or patterns that may lie in the original data order. The immediate consequence
is that the model can be trained on a more generalized and representative portion
of the dataset, learning more robust and generalizable representations. A second

aspect of no less importance is that this process of data mixing in fact introduces a
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degree of independence between consecutive samples. This is an interesting prop-
erty, especially for statistical and machine learning algorithms employing stochastic
optimization techniques. Furthermore, data shuffling impacts also in the hyperpa-
rameters tuning: specifically, it ensures that the training batches are truly random
and independent, preventing any specific subset of data from overly influencing the
models. However, despite its benefits, it is interesting to observe that data shuffling
is not universally applied. Time series data or online learning scenarios are among
the cases where data shuffling might not be implemented, because the interest in
preserving timestamps temporal dependencies. For the scope of the cooperative
learning phase, because there is no interest in reproducing specific time series, but
rather to find strong correlations between input variables and output variables, data
shuffling is an excellent tool to break the interference of negative phenomena on the
model training and increase its performance and robustness.

In this thesis work, the data shuffling process is implemented and performed
through the built-in functions provided by the respective machine learning libraries,
in order to ensure a consistent and reproducible approach across all the experiments.

To conclude this section, it is important to note that applying data shuffling in
the transfer learning phase, on the other hand, can compromise the model’s ability
to recognize and reproduce specific time series, especially seasonal or periodic ones.
For this reason, in the subsequent forecasting phase, it was decided not to adopt this
technique in model training.

Completed the preprocessing stage, the dataset is ready to be implemented in
the machine learning model training.In more detail, it must be split then into a train-
ing set and a test set. Due to the case study of this thesis, it is make sense to split
the dataset taking as training set the known building dataset, while as test set un-
known’s one, setting consequently the size of the training set, the test set and their

ratio.

3.3.2 Metrics selection

The choice of metrics is a step that as mentioned in section 2.4 is able to impact both
the cooperative learning as well as the transfer learning phase, influencing both the

models hyperparameters tuning and algorithm chosen for these scopes.
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For this purpose, two types of metrics must therefore be distinguished: one as
a criterion by which the similitude among buildings will be validated and another
according to which the prediction performances will be considered acceptable.

More articulate, however, it is the process regarding the metrics on which the
accuracy of the algorithm and its model for comparing energy needs is assessed.

In particular, while all the considerations made above remain valid, and con-
sidering what is reported in the literature at paragraph 2.4, in the present work it
is decided to proceed by employing more than one performance evaluation metric:
in more detail, a primary metric is established, according to which performance is
deemed satisfactory or not, and secondary metrics are useful to address algorithm
and models improvements.

Secondary metrics are introduced in order to have additional information about
the performance of the model and the algorithm, so as to understand its actual be-
haviour depending on the structure under investigation and the expected energy
requirements.

Indeed, while satisfactory degrees of correlation may emerge, it is also important
that the model’s accuracy and precision are known, so that the relative uncertainty
can be effectively managed.

Regarding this, it is important to highlight once more that the aim of cooperative
learning phase is to investigate if the similitude among similar and target buildings
is consistent, training the model in such a way that it is actually able to establish
significant correlations between their input and output variables. This may come
even at the expense of a maximum error that is not so low, but to the advantage of the
model’s forecasting capabilities even when facing events or circumstances that are
not contained in the starting dataset, but which can nevertheless be modelled: one
thinks, for example, of a particularly extreme season or a particularly high number
of hospital admissions. These are all situations that are in themselves anomalous if
one considers that they are not contained in the starting dataset, but which can be
equally adequately represented, if a particularly significant correlation is established
between these input and output variables.

In particular, bearing in mind that the aim of the cooperative learning is first of all

to identify a model capable of predicting if two or more buildings can be considered
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"dynamically" similar or not, the main metric (also known as the ‘north pole star’
metric) will certainly be R?. For these reasons, it is considered of primary impor-
tance to optimize hyperparameters accordingly. As a logical step, it was decided to
adopt R? as optimization metric, useful to validate the buildings similitude though a
metric representative of the correlation among them. So as to favour robustness and
flexibility of the model when facing events not contained in the starting dataset and
even considering the purpose of the thesis about predicting the energy demands of
a building for which they are not known, starting from the data of a known struc-
ture, following this, further secondary metrics for comparison are MAPE, RMSE and
maximum error.

In the next transfer learning phase, it was decided to use the same metrics men-
tioned above, albeit in a different order to fit the predictive scope than the similitude
one. In particular, given the similarity between the two or more identified buildings,
the aim of this phase is to train a model capable of predicting the energy needs of
the target building starting from the similar one. In this sense, the north pole star
becomes the MAPE, as it is more indicative of the models” actual ability to reproduce
the time sequence and validate its performance, while the other metrics (including
the R?, which was the "north pole star" in cooperative learning) take on the role of
secondary and, therefore, aimed at improving the model’s performance. In partic-
ular, the R? is useful to verify whether the predictive capabilities are obtained for
example at the cost of generalization ability (i.e. overfitting), while the max error
and the RMSE give useful information on how representative the mean percentage

error (MAPE) is.

3.3.3 Machine Learning Model and Variables Selection

Once the preprocessing phase is completed, the algorithm proceeds to select models
to be subsequently optimized and compared, in order to identify the one that per-
forms best for each energy demand. To this end, in the cooperative learning phase
the algorithm first proceeds by identifying the variables most impacting the good
performance of each selected model, assigning to each input variable a feature im-
portance score based on their ability to increase model performance relatively to the

chosen accuracy metric. By selecting only those variables that are most important
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to model performance and eliminating those that are not, this step in the algorithm
allows each model’s performance to be optimized while reducing the risk of over-
fitting. Having completed this step, the algorithm then proceeds by selecting each of
the models that are part of the set at hand in order to first optimize their hyperpa-
rameters and then make a comparison based on the chosen accuracy metric. At this
scope, as mentioned in the previous chapters and paragraphs, one model is proba-
bly not enough to handle the complexity of the problem addressed. Based on this,
it was decided to equip the algorithm with a set of machine learning models that
could be chosen, optimized and compared. Precisely, these models are selected from

the current literature, referred to in Chapter 2, and they are:

Multi-Layer Perceptrons (MLPs);

Support Vector Regression Machine;

Random Forest;

Extremely-Randomized Trees.

As mentioned, in order to identify the best performing model among them, the
algorithm then proceeds with hyperparameter optimization for each one. Regarding
the optimization methods and algorithms implemented, a more in-depth discussion
is given in the following paragraphs.

It is important to underline that the variable selection takes place exclusively dur-
ing the cooperative learning phase: the underlying hypothesis is that the variables,
if they are useful for representing the similarity between the target building and the

one identified as similar, will then also be valid for predicting its energy needs.

3.3.4 Hyperparameters optimization

The Machine Learning Model hyperparameters optimization is one of the key steps,
both of the present thesis work and in increasing its performance. The hyperparam-
eter optimization cannot take place during the training process itself, but rather it
must be defined before training and then verified once the training has ended, look-
ing at the improvement their optimization has brought on the performance metrics.

In fact, their optimization control the general behavior of each machine learning
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model, influencing its learning ability and, consequently, its performance. Taking
into account the potential infinite amount of optimal or suboptimal solutions for the
hyperparameters optimization problem and the number of models to be optimized,
it is decided to introduce an automatic algorithm at the scope. This is among the
major steps of this work thesis, considering that it frees the machine learning model
hyperparameters optimization from the data scientist skills.

In more detail, the algorithm optimizes the hyperparameters of the various mod-
els in both the cooperative learning and transfer learning phases, using the objective
metrics indicated in the paragraph 3.3.2. The following details the techniques used

in this thesis for hyperparameter optimization.

3.3.4.1 Grid search

The first and simplest strategy that comes in mind dealing with non-linear problems
and multi-variable optimization is to consider every possible solution, trialing every
one taken from an imaginary grid drawn in the search space and picking the one that
performs better accordingly to the optimization metric.In detail, Grid search is an
intuitive, heuristic optimization method in which the design space is discretized into
a finite number of mutually disjoint partitions of equal volumes [79]. The process of
dividing the search space in many slices and searching the solution into it gives the
name to the search algorithm itself: gridsearch.

This type of search and, therefore, optimization algorithm is considered a suit-

able candidate when[71]:

¢ the overall number of parameters to optimize (M) is small. Given a grid M-
dimensional, the number of testable solutions amount to LM , where L is the

number of trial solutions along each M dimension of the search space;

¢ the solution lies within a specific range of values, that can be used to limit the

the search space and the calculation needed;

¢ the problem can be computed quickly enough that the time needed to test the

LM solutions is feasible;
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Hyperparameter 1

Hyperparameter 2

Grid Search

FIGURE 3.2: Representation of Grid Search hyperparameters search
scheme

¢ the optimization function is smooth enough over the grid space scale Am, en-
suring that the maximum or minimum is not missed or the optimized value is

not too far from the real maximum or minimum.

As a matter of fact, it is difficult to have an a priori idea of the behaviour of
the black-box model as its hyperparameters are changed, which should lead one
to discard this type of approach regardless. In the present thesis, however, it was
decided to include it as it is equally true that a more brute-force approach may in
any case be useful if more efficient optimisation algorithms in general encounter
difficulties in identifying the optimal set of hyperparameters.

Despite decades of research in global optimization and the publishing of several
optimization algorithms, there are many reasons why gridsearch is still on the edge

of hyperparameters optimization state of art, that is:

* it gives some degree of insight about the search space;

* no technical barrier or overhead to the implementation;
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¢ itis easy to implement and parallelize;
¢ it typically finds better trial point than manual search;

¢ itis reliable, especially on low-dimensional spaces (e.g. 1-d, 2-d).

On the other hand, grid search alone can lead to poor results in practice: this
can be observed quite well through the figure 3.2 [82], in which it is evident how
a fair distribution of the search space can lead to sub-optimal solutions, especially
where the latter is characterised by high noise, reason why in the present work it

was decided to explore further optimisation techniques.

3.3.4.2 Random search

Among the family of derivative-free or, so called, black-box optimization methods,
Random Search is historically fully part of it. Its first appearance in literature is dated
1953 by R.L. Anderson [9], although it did not appear under the name by which it is
known today until 11 years later by L.A. Rastrigin[92]. The main difference with the
gridsearch method lies on replacing the exhaustive enumeration of all combinations
by selecting them randomly, both on discrete and continuous search spaces. A coun-
terintuitive benefit of this approach is the opportunity to explore much more values
than a gridsearch could do, considering the same amount of iterations, outperform-
ing it especially when in low intrinsic dimensionality problems, i.e. when only few
hyperparameters affect the machine learning algorithm performances. Another in-
teresting property of this approach is its embarassing parallel, that is the minimal
or no-dependency upon communication among tasks or their results, making effort-
lessly the split of the components (i.e. hyperparameters optimization) in a number
of tasks that can be executed concurrently.

Assuming a search space of n dimensions, the random search algorithm is oper-

ationally composed of the following steps:

1. itis given a cost or fit funciont f: R” — R that must be maximized;
2. initialize the variable x with a random position in the search space;

3. until a stopping criteria is met, repeat the following steps:
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FIGURE 3.3: Representation of Random Search hyperparameters

search scheme

(a) sample a new position y in the hypersphere of a given radius surrounding

the position x;

(b) if the f(y) > f(x) then x = y.

A variety of Randomized Search variants are available in literature with more or

less structured search:

¢ Fixed Step Random Search (FSSRS): it is the basic algorithm proposed by Ras-

trigin [92];

¢ Friedman-Savage procedure[41]: it searches each parameter sequentially with

a set of guesses having a space pattern among themselves and the search space

boundaries;

¢ Optimum Step Size Random Search (OSSRS): theorised by Schumer and Stei-

glitz [100], it is an evolution of the FSSRS, where the sampling hypersphere

radius is optimally adjusted, speeding convergence to the optimum: unfortu-

nately, because the need to repeatedly sampling in order to approximate the
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optimal radius make it too expensive by a computational point of view to be

implemented.

¢ Adaptive Step Size Random Search (ASSRS): it is an evolution of the previous
algorithm, theorised by the same authors, where hypersphere radius is heuris-
tically adapted generating two candidates at each step, one with the current
step size and the second with a larger step size. The latter one is taken as new
nominal step size only if it leads to improvements, otherwise the nominal step

size is reduced if after several iterations no improvement is achieved.

¢ Optimized Relative Step Size Random Search (ORSSRS)[99]: conceived by Schrack
and Choit, it approximate the optimal step size through an exponential de-

crease

Since, in general, there may be no information known a priori that would make
one random search algorithm preferred towards another, in the present study it
was decided to implement a pure random search optimization algorithm, similar
to FSSRS proposed by Rastrigin, coupled with Cross Validation, as proposed by
Bergstra and Bengio [18]. Like Rastrigin method, this approach use random sam-
pling as core principle to explore the search space, neither relies on gradient infor-
mation, making it suitable for non-differentiable or discontinuous functions, and it
is designed to global optimum search than focusing on local minima. Despite these
similarities, the above mentioned approach distinguish itself from the Rastrigin’s

work for the following features:

¢ theoretical framework: Bergstra and Bengio in their Randomized Search CV
specifically targeted machine learning hyperparameters optimization, while

Rastrigin’s work was primarily focused on general function optimization.

* hyperparameters importance: this concept introduced by Bergstra and Ben-
gio dimonstrated that only few hyperparameters significantly affect machine
learning model performances, reducing the computational effort that would

required randomly exploring the search space for each hyperparameter.
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e parallelization: taking into account modern advancements both in hardware
and software, Bergstra and Bengio introduced parallelization in order to opti-

mize the execution time;

* cross-validation: in order to increase robustness, avoiding for example overfit-
ting issues, each hyperparameter combination is tested across multiple data-

splits.

All these characteristics make it an excellent candidate for including this ap-
proach as a further complement to the optimiser, although it is not in itself suffi-
cient to complete the spectrum of possible algorithms, as more targeted ones may be
required in certain situations to further reduce the computational effort required.

If one compares figure 3.2 with figure 3.3, from literature [82] it can be seen how
a random search approach can lead to better results than a grid search. It is worth
mentioning, that this may be true for search spaces characterised by high noise,

while it may not be so evident otherwise.

3.3.4.3 Bayesian optimization

Generally attributed to Jonas Mockus, Bayesian optimization is a global optimiza-
tion method for black-box functions based on sequential design strategy [76], usu-
ally implemented to expensive-to-evaluate functions, like for example noisy ones. In
detail, the Bayesian optimization is used for problems concerning the maximization
or minimization of a function a "black-box" (i.e. having an unknown structure) con-
tinuos function f, that mathematically takes the form max,c4 f(x) or minyca f(x),
where A is the set of points x. As partly mentioned above, this type of algorithm is
particularly advantegeous where in general f(x) is hard to evaluate because of the
computational costs: it is important to highlight that only f(x) is considered in its
evaluation and not its derivatives [40]. In order to deal with the black-box structure
of the f(x) function, the first step of the algorithm is to assign a prior probability
distribution at it (also known as "prior"), in order to evaluate its behaviour that is
usefull to form a posterior distribution from prior values update over the objective
function: in turn, the posterior distribution is used to build up the acquisition func-

tion, (infill sampling criterion) aimed to determine the next query point. Among
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the methods to assign prior and posterior distribution over the objective function,
the most common ones are kriging and Parzen-Tree Estimator [19], which respec-
tively rely on one Gaussian distribution process or two separate distributions for
maximums and minimums.

One of the main limitations, not only of this optimisation algorithm, but also of
the others seen above, lies in the handling of problems characterised by high di-
mensionality, that leads to an exponential increase of the iterations needed before a
solution is met: a commonly accepted rule of thumb is to consider a problem high-
dimensional if the number of dimensions is over 20 (d > 20)[101]. Recently, an
approach has been introduced to overcome this drawback by subdividing the high-
dimensional space into subspaces with smaller dimensions[78]: in itself, this would
not represent a novelty, as this is at least theoretically also possible for other optimi-
sation algorithms, such as grid-search, random-search and so on. The real novelty
lies in the adaptive capabilities of the Bayesian optimisation algorithm: Bayesian
optimization’s ability to build and update a model of the objective function allows
it to focus on promising subspaces dynamically, making it much more suitable for
dealing with high-dimensional optimization challenges, than it could be possible
with a static, by-hand approach that could be pursued in the previous mentioned
approaches.

Taking some step more and specializing the topic for the hyperparameters tun-
ing of machine learning models, as far as for the previous mentioned optimization
algorithm, also in this case some differences are here among theory and their appli-
cations. In detail, in the context of the machine learning hyperparameters optimi-
sation, the reference algorithm for Bayesian Optimisation is the so-called Sequential
Model-Based Optimization (SMBO)[51, 50, 81]. Considering an application charac-
terized by a costly to evaluate fitness function f:X—IR, essentially it approximate
f(x) with a cheaper to evaluate surrogate function: in general, the SMBO algorithm
inner loop optimize the surrogate function or its transformation. The point x* that
maximize it is the new proposal for the evaluation of the real function f. Regarding

the optimization criteria, the following are the main one:

¢ Expected Improvement (EI);
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FIGURE 3.4: Representation of Bayesian Optimization hyperparame-
ters search scheme

Probability of Improvement(PI);

Upper Confidence Bound (UCB);

¢ minimization of the Conditional Entropy;

bandit-based criterion;

As can be seen from the figure 3.4 [82], the prerogative of the Bayesian optimi-
sation algorithm compared to the previous two is to concentrate the calculations
where it is most likely to obtain the minimisation (or maximisation, as the case may
be) of the optimisation function, thus considerably reducing the amount and inten-
sity of the computational effort, while at the same time obtaining significantly better
results.

Because its flexibility that make it work well in many different settings and its in-
tuitive process, in the present work Expected Improvement optimization criteria for

the Bayesian Optimization algorithm of machine learning model hyperparameters

tuning is implemented.
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3.3.5 Optimized model selection and training

In addition to hyperparameters optimization, to ensure an unbiased evaluation of
model performance and generalization ability, k-fold cross-validation in the model
training is implemented: this resampling technique partitions the training set and
the test set into k equal-sized folds, where one test fold is used for validation, and the
remaining k-1 training folds are used for training. Cross-validation is then repeated
k times, with each fold serving as the validation set once: this process mitigates
overfitting by providing a more reliable estimate of a model’s performance on un-
seen data. By training and evaluating on different subsets, it accounts for potential
idiosyncrasies in the training data, ensuring a robust assessment of generalization
ability. In these experiments, k = 10 is adopted, as it is a common value that balances
computational efficiency and reliable performance estimation. The dataset is there-
fore randomly partitioned into 10 folds, and the models are trained and evaluated
10 times, with each test fold serving as the validation set once. Then, performance
metrics are averaged across all folds, providing an unbiased estimate of the models’
generalization capability. The cross-validation procedure is implemented using the
scikit-learn library in Python, ensuring a consistent and reproducible approach. This
rigorous evaluation strategy allows to mitigate overfitting risks and obtain a realis-
tic assessment of the proposed models’ performance, strengthening the validity and
generalizability of the findings.

The selection of the Machine Learning model is performed autonomously by the

algorithm on the basis of the assigned metric. In particular, the metric adopted for

2

adjusted” while for

the choice of the best model for the cooperative learning phase is R
transfer learning phase MAPE was the chosen one. Regarding, cooperative learning,
this choice was made because the interest is to train a model able to reliably inves-
tigate if two or more buildings have similar energy needs "dynamics", establishing
a robust degree of correlation between input and output variables. This is useful as
the model will also be able to effectively predict events not contained in the source
dataset. In more detail, therefore, this property will also be reflected in the ability

to predict the energy demands of the target building. Instead, the transfer learning

model is mainly a prediction tool capable of minimizing forecasts errors, because
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correlation problems are considered as already managed in the previous steps.

3.4 Results acceptance

Once the machine learning model has been chosen, optimized and trained, it is exe-
cuted. The results obtained based on, it is worth remembering, the data of the similar
building are compared with those of the target building. At this point, if the accu-
racy metrics acceptability threshold are met, the results are considered acceptable.
Then, the selected, optimized and trained models are used from then on to forecast
the building’s energy needs. Conversely, if the results are not acceptable based on
the set threshold, the algorithm then proceeds to select another similar building, on
which to restart the previously exposed algorithm. It is worth mentioning that this
circumstance, of the result unacceptability, can occur both during the first execution
cycle and during the subsequent ones. In fact, the algorithm presented is executed
cyclically and, at each execution, such verification is carried out to ensure the good-
ness of the results, changing or not the similar building and, consequently, all that
follows, in order to ensure the best possible performance based on the chosen accu-

racy metric .
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Chapter 4

Case study

This section provides a description of the application of the developed method and
the related case study. In order to prove the effectiveness of the proposed method-
ology and, at the same time, test its limits. Choosing the case study, it is felt that it
should focus on buildings characterised by multiple energy needs, randomness of
use of the utilities and modelling complexity.

At the same time, in order to ensure the replicability of what was studied, it
is considered that these characteristics should be attainable in standard buildings,
therefore comparable with each other and replicable.

In this sense, hospital structures present all these characteristics put together: in
fact, they are often characterized by multiple simultaneous energy needs (typically,
heat, cold, electricity and, in some cases, also steam), whose profiles can take on in
some cases difficult to predict, due to the urgency that access to the hospital struc-
ture may have, and by the complex modeling, by virtue of the different comfort,

healthiness and instrumental requirements that characterize the various rooms.

4.1 Target building

The Sant’Anna Hospital of Cona, located near the city of Ferrara in the Emilia-
Romagna region of northern Italy in figure 4.1, serves as the target building for this
work: with approximately 900 beds, the hospital handles over 27,000 hospitaliza-
tions annually. [44]. For the climatic area, it is classified as "E" with 2’313 heating
degree days referred to standard conditions set by Italian law DPR 412/93.

The hospital buildings of the site (4.1) are supplied by heating and cooling dis-

tricts. These are fed by an integrated energy system (4.2), whose items are listed
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FIGURE 4.1: Sant’Anna Hospital of Cona (Ferrara, Italy)

below and that takes place in the power center adjacent to the hospital, composed

as follows:
¢ Four identical natural gas-fed boilers (HBW);
¢ Three identical natural gas-fed steam generators (SB);

¢ A cogeneration engine (CHP), for contemporary production of electricity and

heat at different temperature levels’;

* An absorption chiller (AC), fed by a portion of the heat recovered from the

cogeneration engine;
¢ Four identical electricity-fed chillers (ECs);

The energy center is grid-connected, so that the surplus electricity from the CHP
can be injected into the power grid, while electricity is purchased when the demand
(including the power to the electric chillers) exceeds the production.

The monitoring network and its equipment is designed and installed to collect all
the information needed to run the plant efficiently, gaining information and insights
about the status of the technical equipment and the energy needs of the buildings.

In detail, the following energy variables are monitored:

lin detail, heat is recovered from intercooler, oil circuit, cooling water and flue gases: these are used
to heat the water flow sent to the hospital’s heating circuit or the absorption chiller
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FIGURE 4.2: Sant’Anna Hospital of Cona (Ferrara, Italy)

* natural gas consumption;

* boilers heat production;

¢ CHP heat production;

* CHP heat dissipation;

¢ CHP electricity production;

¢ ABS heat consumption;

* ABS cooling production;

* electric chillers cooling production;
* hospital heat demand;

* hospital cooling demand;

e electricity withdrawn from the grid;

* electricity injected into the grid.
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In detail, the Building Management System (BMS) operates via a Bacnet/IP com-
munication protocol, which is typical for the management of modern complex build-
ing/plant assemblies. The system architecture is standard and, according to a bottom-

up representation as in figure 4.3 presents:

¢ field components: energy meters (EMs), sensors, actuators, etc., i.e. every-
thing that sends measurement signals or receives and executes regulation com-

mands;

¢ PLCs (programmable logic controllers): these are the components that col-
lect data and signals and give commands to the individual components in the
field, acting on them according to their technical constraints (load up or down

ramps, opening or closing commands, e.g. valves, etc.);

¢ Controllers/accentrators: they receive signals from several PLCs and are re-
sponsible for giving commands that are consistent with the management logic
of the system, so as to prevent different parts from conflicting or the system

from operating under sub-optimal conditions;

¢ server/workstation: is responsible for collecting all signals from the various
controllers and centralisers. Inside it is contained the overall management

logic of the system.

Between the field components and the PLCs, there are also interface modules,
which are in charge of converting the protocol of the signals coming from the field
components (typically ModBUS) to BACnet/IP; the use of the former is favoured
above all for the control of the equipment and machines that make up the system by
virtue of its greater speed and robustness. The ModBUS typically presents a direct
connection between field components and PLC (that is, "many wires" as components
to connect), while the BACnet presents a single "wire" that enters and exits in each
individual field component.

If on one hand this reduces installation costs and simplifies the system architec-
ture and the addition of new components, it follows that the system is intrinsically

slower (having to call each individual component) and intrinsically less resilient (the
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interruption of the communication cable, at any point, would determine the impos-
sibility of communicating with all the components connected to it).

The data collected from the server, finally, are stored in a storage system in csv
format, in order to be able to query the collected data for further analysis as needed.
In the case of the site S.Anna hospital, the data collected by the server are also ad-
dressed to an on-top optimizer for the system through csv or json files, which the
former is in charge of periodically optimizing the operation of the site based on
the objective functions set [44]. In addition to the above, the files are gathered and
sent to the industrial partner’s on-cloud data lake, which achieves two important
objectives: making the system more resilient through cloud backups and enabling
comparative site analysis through BI tools, for example. Specifically, regarding this
last point, collecting data in the data lake from different sites managed by the in-
dustrial partner allows comparing different buildings energy needs and identifying
any similarities between them or further analyzing their energy behaviour through
benchmarks, KPIs or demand profile analysis.

Regarding the real-time consumption and energy flows through the main distri-

bution hospital circuits, two meters are installed in order to monitor the real-time
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CHP

Paramater Boiler plant Absorption chiller Electric chiller Steam generators
Number of units 4 1 1 4 3
Input Natural gas Natural gas Heat Electricity Natural gas
Output Heat Electricity | Heat Cold Cold Steam
Nominal output [-] 2.6 110.93 0.52 1.6 1.3
Nominal efficiency [-] 0.92 0.44710.422 0.77 2 0.87
Supply temperature [°C] 93 93 6 6 —
Return temperature [°C] 73 73 12 12 —
Supply pressure [bar] - - - - 3

TABLE 4.1: Technical parameters of the conversion units in the Cona’s
hospital power station. The nominal output power is normalized
with respect to the CHP electrical output for confidentiality reasons.

data. The new sensors installed in the site to monitor its heating, cooling and elec-
trical load are listed in Tables 4.2. It is worth mentioning that the steam generators,
placed in a dedicated area, have little interaction with the rest of the infrastructure.
Indeed, they provide heat for services that cannot be delayed and, therefore, are not
available for other tasks. Dedicated sensors and actuators are not installed. The
natural gas supplied to the steam generators is counted in the total natural gas con-
sumption, but the management of these units is standalone. Real-time local data are
transferred through the standard industrial protocol Modbus TCP, considering the

technical specifications of the BMS software.

4.2 Reference building

Following the matching procedure described in the previous section, a reference
building was identified within the building stock that exhibits the closest similar-
ity to the target building. This section presents a detailed analysis of the reference
building’s physical and construction characteristics, highlighting the key features
that led to its selection. The comprehensive examination encompasses geometric
parameters, envelope properties, and technical systems, providing a foundation for

understanding the subsequent energy performance comparison.

4.2.1 Physical and construction characteristics of the reference building

According to the criteria presented in chapter 3, the facility identified as "similar"
is the Ca’” Foncello Hospital in Treviso in figure 4.4, with its 862 beds, an annual

number of hospitalizations of 37,000, similar categories of energy needs, and a total
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Energy Monitored Sensors
flow variables installed
Ultrasonic
flow meter
S}cle}zﬁl};gfiizn (E+H Proline
Heating I;n d Prosonic Flow 91W),
. x2 Pt100
volumetric
flow rate thermometer
(E+H RTD
omnigrad TST310)
Ultrasonic
flow meter
S;p;}:l};i;it;zn (E+H Proline
Cooling I;n d Prosonic Flow 91W),
. x2 Pt100
volumetric
flow rate thermometer
(E+H RTD
omnigrad TST310)
Enel distribuzione
Actaris
Electrical energy Voltage, High Precision
sold to current, Multifunction
and purchased from power factor Electronic meter

the grid

(Telematica Sistemi
MT860-MID)

TABLE 4.2: Sensors installed for monitoring the energy demand of

Cona Hospital.
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FIGURE 4.4: Ca’Foncello Hospital in Treviso

area of 167,000 square meters [110]. With regard to the climatic area, it is classified
as "E" with 2’378 heating degree days referred to standard conditions set by Italian
law DPR 412/93.

The transformation of energy vectors takes place inside a power center adjacent
to the hospital, which houses a trigeneration plant with an architecture similar to
that shown in figure 4.2 for the Cona hospital, dedicated to the production of hot
and chilled water, steam and electricity. Also the plant characteristics are similar to
the target building, as it can be observed in table 4.3.

The distribution of energy vectors also presents characteristics similar to those
observed for the target building. In particular, as regards the thermal vector, this is
distributed to the hospital building through a "ring" type network, from which the
branches are created that serve the individual distribution columns on the floors of
the building. The monitoring of the thermal requirement is carried out through a
dedicated meter corresponding to the building distribution ring.

In the case of the cooling energy vector, also for the reference building there are
several distribution lines, three in particular, each one has a dedicated energy meter.
As regards the electrical energy demands, there are bidirectional meters both on the

main electrical cabin and the emergency cabin, metering both absorbed from and
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FIGURE 4.5: Ca’Foncello Hospital in Treviso

sold to the grid electricity, and on the individual self-production systems, i.e. the
CHP engines.

Similarly to the target building, the reference building is equipped with a data
collection and storage system within the BMS, which, on the basis of the available
information, is in charge of the automatic and efficient management of the plant,
while providing useful information about the operating conditions of the plant and

the utilities on the building side. Among the monitored quantities are listed:
* natural gas consumption;
* boilers heat production;
¢ CHP heat production;
* CHP heat dissipation;
¢ CHP electricity production;
¢ ABS heat consumption;
* ABS cooling production;
¢ electric chillers cooling production;

* hospital heat demand;
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CHP

Paramater Boiler plant Absorption chiller Electric chiller ~Steam generators
Number of units 2 1 3 7 2
Input Natural gas Natural gas Heat Electricity Natural gas
Output Heat Electricity | Heat | Steam Cold Cold Steam
Nominal output [-] 2 1.1310.93 0.51 2.67 1.5
Nominal efficiency [-] 0.92 0.46010.408 0.7 5.7 0.90
Supply temperature [°C] 90 90 7 7 —

Return temperature [°C] 70 70 12 12 —
Supply pressure [bar] - - - 1216

TABLE 4.3: Technical parameters of the conversion units in the Ca

Foncello’s hospital thermal power station. The nominal output power

is normalized with respect to the CHP electrical output for confiden-
tiality reasons.

* hospital cooling demand;
¢ electricity withdrawn from the grid;
¢ electricity injected into the grid.

Both hospitals require heating, cooling, and electricity, as well as high-temperature
energy for steam production, which is utilized for various special utilities such as the
sterilization department and laundry. The steam demand is excluded from the cur-

rent thesis because no real-time data are available.

4.3 Comparative analysis

Upon the physical characteristics analysis, this section presents a detailed compari-
son of the energy consumption patterns between the target and reference buildings.
The comparative analysis focuses on temporal energy demand profiles, examining
both daily and seasonal variations. Through this investigation, the degree of simi-
larity in terms of energy behaviour is evaluated, validating the effectiveness of the
matching methodology and establishing the basis for energy performance predic-
tion. Multiple metrics and visualization techniques are employed to quantify and
illustrate the alignment between the two buildings” energy profiles.

The yearly needs for these energy sources in the year 2023, normalized with re-
spect to electricity for confidentiality purposes, are presented in Table 4.5. Moreover,
the table reports the ratio among Ca’Foncello and Cona energy needs calculated ac-
cordingly to the similitude approach shown in Section 3, ensuring the "static" simi-

larity between the buildings.
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ner onitore ensors
Energy Monitored S
flow variables installed
Ultrasonic
Supply/return ﬂO\(A]zE-anI_(;ter
Heating femperature Promag 50P50,/1H),
. x2 Pt100
volumetric thermometer
flow rate (E+H RTD
TST90)
Ultrasonic
Supply /return ﬂO\(Aéianter
. temperature Promag 50P1Z),
Cooling and 2 PHL00
volumetric thermometer
flow rate (E+H RTD
TST90)
Electrical energy Voltage,
sold to current, Enel distribuzione

and purchased from

the grid

power factor

TABLE 4.4: Sensors installed for monitoring the energy demand in

Ca’Foncello hospital.

Heat Cold Electricity Steam
Cona Hospital 0.761 1 0.176
Ca’” Foncello Hospital 0.863 1 0.353
Ca’Foncello (similitude scaling)/Cona  0.966 1 0.999

TABLE 4.5: Yearly energy demands of the Ca’Foncello hospital (for
the year 2023) normalized to Cona hospital for each energy need.
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4.3.1 Energy needs profile characterization

This section provides an analysis of the energy needs profiles of the target build-
ing and the similar one. The aim is to demonstrate the dynamics and relationships
between the various energy needs, thus highlighting both the similarities and dif-
ferences between the two buildings. This will also allow for a better understanding
of the potential strengths and weaknesses of the models presented in the following

chapters and sections, also in light of its actual predictive capabilities.

4.3.1.1 Yearly energy needs

The annual analysis of energy demand profiles (4.6) for heating, cooling, and elec-
tricity highlights the seasonal pattern for each of these energy needs. Specifically,
heating demand exhibits a peak in the winter months and a minimum in the sum-
mer ones. An interesting detail for both buildings is the increase in heating needs
near the end of August and the beginning of September, coinciding with a decrease
in the facility’s cooling needs. This is essentially consistent with the use of the facili-
ties, where the provision of services related to environmental comfort is not strictly

limited by law constraints.
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FIGURE 4.6: Yearly normalized energy needs of Cona (left) and Ca’
Foncello (right) hospitals

Finally, an anomalous element is undoubtedly represented by the electricity need,
which in both buildings mirrors the cooling energy need trend: this is likely due to
the installation of small air conditioning devices (portable and similar ones) prob-
ably located inside the building and therefore difficult to separate from the rest of

the consumption. This hypothesis is further confirmed by the fact that in the winter
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months, there is a similar increase in electricity consumption, likely linked to de-
vices such as heaters or heat pumps (note, in particular, how heating energy need
decreases between January and February and increases between November and De-

cember).

4.3.1.2 Winter energy needs

During the winter season, there are no significant differences between the different
days of the week in terms of energy needs, as it can be observed in figure 4.7. Regard-
ing heating needs, both facilities adopt "night reduction” regimes: in particular, in
the case of the Cona hospital, the most significant reductions are conducted between
the early hours of the morning and 6:00 a.m., then restarting in the early afternoon

and, finally, shortly before midnight.
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FIGURE 4.7: Winter daily normalized energy needs of Cona (upper)
and Ca’ Foncello (down) hospitals during weekdays (left) and week-
ends (right)
The main difference between weekdays and weekends can be observed in the

less jagged profiles on weekends, presumably also due to the typically lower access
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to healthcare facilities and the building’s thermal inertia. In the case of the Ca’” Fon-
cello hospital, however, the "reduction” regimes are fairly uniform between week-
days and weekends, with the latter being concentrated in two bands instead of three
(as in the previous case), specifically between midnight and 6:00 a.m. and between
11:00 a.m. and 4:00 p.m. Cooling demand, as one might expect, is virtually minimal
during the winter season, also due to the fact that both buildings are located in a rel-
atively cold climate zone (E). No notable variations are observed between weekdays
and weekends. Finally, regarding electricity demand, it can be observed that the
trend is also fairly constant across the different hours of the day for both facilities.
Only in the case of Ca’Foncello hospital during the week a decrease was observed in
the late evening and early morning hours, likely due to a specific lower number of

patients accessing the hospital and, therefore, to be considered an isolated incident.
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4.3.1.3 Summer energy needs

For summer energy needs, from figure 4.8, heating and cooling ones show fairly

similar trends between the two buildings.
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FIGURE 4.8: Summer daily normalized energy needs of Cona (upper)
and Ca’ Foncello (down) hospitals during weekdays (left) and week-
ends (right)

Specifically, thermal needs are essentially constant throughout the day, aligned
with the baseload, while cooling energy need increase during the early morning
hours and then decrease towards evening. What can be observed is a much steeper
ramp in the case of the Cona hospital compared to the Ca’Foncello hospital, and
a shift in maximum and minimum temperatures: the Cona building, in fact, has
a more concentrated cooling need during the central hours of the day, while the
Ca’Foncello hospital is more distributed. The real difference, however, lies in the
trend in electricity needs, which can be observed to be fairly constant in the case
of the Cona hospital, while the Ca’Foncello hospital during weekdays shows an in-
creasing trend in the morning, then a slight decrease during the rest of the day; this

dynamic is weaker and dilated during the weekends.
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4.3.1.4 Mid-season energy needs

Moving to the mid seasons, specifically from April 16th to June 20th and from Septem-

ber 21st to October 14th, from figure 4.9 can be observed that all energy needs are

midway between the winter and summer seasons, in terms of intensity, while the

dynamics remain very similar to those of summer needs, with very low and con-

stant heating needs throughout the day and cooling and electricity needs on the

days increasing in the early hours of the day and decreasing from the late after-

noon/evening.
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4.4 Simulations setup

In this section, information regarding the setup of the simulations is provided. In
more detail, with reference to the steps outlined in chapter 3, in order to make the
study presented replicable, the parameters useful for the setup of the simulations
are given. Since in this case the similar building energy demands are available, the
simulation setup will refer directly to it regarding the algorithm steps. Regarding
the case when energy demands data are not available, this is presented in the case

study faced in [44].

4.4.1 Dataset

For both hospital facilities, post-Covid yearly data are considered. Because of the
significant impact on energy consumption due to the high number of hospitaliza-
tions during that period, this allows to test the algorithm’s performance in the pres-
ence of unforeseen events such as the Covid pandemic. The energy demands are
hourly collected thorugh meters installed in the substation facilities and gathered on
the Building Management System (BMS). Despite higher frequencies and data gran-
ularity are available, it is decided to focus on hourly data in order to make this work
comparable with others in literature, which standard datasets are usually hourly-
based. Both hospitals exhibit a similar distribution of energy demands, particularly
in terms of heating, while cooling and electrical needs appear at first glance to be
slightly higher in the structure of the Ca” Foncello hospital. However, what should
draw attention is how both are roughly balanced in their respective structures, in-
dicating an incidence of surfaces (and therefore volumes) with intensive care unit,
high-dependency unit and surgery rooms that is roughly equivalent between the
two hospitals.

To this end, the first step involves selecting input variables that possess a signifi-
cant degree of correlation with output variables. The overall available variables have
been reported in previous sections 4.1 and 4.2. In more detail, a starting selection of
the variables involved only those referring to the needs of the structures under in-

vestigation: for the heating and cooling needs, reference was made to the quantities
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measured at sub-central level, so as to take the exclusion of all those quantities re-
ferring to production parameters. It is a different matter, however, with regard to
the electrical demand: since there are plants equipped with trigeneration, this is
given by the sum of the electrical production of the cogenerators and the electrical
absorption from the grid, excluding the electrical absorption of the chiller units and
electricity sold to the grid.

As regards steam, however, the prediction of its needs is not the subject of this
work, as its use is not monitored in real time and is mostly limited to the laundry,
kitchen and sterilization services of the hospital facilities mentioned above.

In addition to the variables related to the energy demands of the facility, which
thus represent the output variables, i.e. the object of forecasting, there is also the
choice of input variables, i.e. the variables used to predict the energy requirements
by means of the algorithm and then the chosen model.

Among these, both those obtainable from the decomposition of the information
content of the timestamp are considered, i.e. the days, weekdays, months, years and
hours, and the information coming from weather services, such as external temper-
ature and relative humidity, as well as those relating to the structure hospital and its

dimensions, i.e. volumes, surfaces and number of beds.

4.4.2 Preprocessing

The first step involves setting the optimal thresholds for data cleaning, with the aim
of having sufficiently clean data for the simulations. For the ascent and descent
ramps of the needs, the values set in Table 4.6 are adopted, based on the plants

serving each of the forecasted needs, as seen in section 3.3.1.

Heat Cold Electricity
Ramp up threshold [(%\min)] 8.5 8.5 8.5
Ramp down threshold [(% \min)] 2 2 2

TABLE 4.6: Data cleaning pre-processing thresholds.

The latter constraints are set equal to the former to reduce the outliers impact,
as they are more restrictive. The values are set according to technical specifications
of the power centre items and the regulations allowed by the BMS, looking signif-

icantly steeper than what is asserted in the literature. This approach is taken to
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avoid excessively cleaning the data, which could eliminate valid ones, and to ensure
that the algorithm is trained on situations that are not always perfectly "linear". In-
stead, it is designed to recognize and account for potentially anomalous situations
or those representative of the actual management of the plant and its real limits.
After the data are cleaned, they are then normalized, splitted and shuffled. In de-
tail, normalization is carried out for each variable accordingly to its minimum and
maximum value, while splitting is performed considering as traning set the known
building data and as test set the unknown ones. Regarding shuffling, in the coop-
erative learning phase it is performed randomly inside each batch of data, mixing
training data with test ones, while it is avoided among training and validation one
in transfer learning.

In more detail, regarding data splitting and shuffling, as mentioned in Chapter 3,
this is conducted differently depending on whether the process is in the cooperative
learning phase (i.e., verifying and validating the similarity between two buildings)
or the transfer learning phase (i.e., forecasting energy needs). In more detail, the
starting dataset is split into a training set, a test set, and a validation set. The training
set consists exclusively of data from the similar building, while the test set and vali-
dation set consist of data from the target building (in an 80/20 ratio, respectively).

At this point, in the cooperative learning phase, the data from the training set
and the test set are mixed together and then shuffled. This allows the model to
identify any pattern representative of both structures in the next model training and
hyperparameter optimization phase. Conversely, in the transfer learning phase the
training set consists only of the data from the similar building: the model is trained
and its hyperparameters are optimized to then verify its predictive capabilities on

the validation set consisting only of the data from the target building.

4.4.3 Hyperparameters optimization search space

Once the final dataset is ready; it is used to complete the phase of model selection
and hyperparameters tuning. In particular, for the optimization algorithms of the
demand forecasting models, these are compared to the same number of simulations
to have a representative measure of their actual performances. The R? metric is

chosen for the optimization of the hyperparameters of each of the models, as the aim
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is to identify an optimal set of parameters capable of maintaining a sufficient level
of problem generalization. Based on these considerations, the searches are carried

out through the solution space shown in Table 4.7.

Hyperparameter Range
Estimators (10, 5000)
Extremely Max depth (1,110)
Randomized Min samples split (2,10)
Trees Min samples leaf (1,4)
Max features (0.1, 0.99)
Estimators (10, 5000)
Random ‘ Max depth ‘ (1,110)
Forest Min samples split (2,10)
Min samples leaf (1,4)
Max features (0.1, 0.99)
Regularization (0.1, 10)
parameter
Support Tolerance
Vector (0.01, 0.1)
error
Regressor Gamma (0.01,0.1)
Degrees (2,10)
Layers (1, 10)
Neurons
for each (2, 10°000)
layer
Artificial Relu
Neural . Logistic
Network Activation Idegntity
Tanh
. Constant
Learning I i
rate nverse scaling
Adaptive
Initial (0.001, 0.01)
learning rate
Alpha (0.1, 10)

TABLE 4.7: Hyperparameters search space for different models.

To conclude this section, it's worth mentioning that the hyperparameter opti-
mization phase requires the search space to be equally large for both cooperative
learning and transfer learning phases. This is because the model’s hyperparameter
optimization is influenced solely by the data it is trained on, not by the assigned
task. As it will be seen in the next section, the choice of metrics by which the hyper-

parameters are optimized needs a different approach.
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4.4.4 Hyperparameters optimization metrics

Regarding the choice of the hyperparameter optimization algorithm for machine
learning models, some thresholds are chosen in order to address correctly the opti-
mization process, both in the cooperative learning and transfer learning phase.

In cooperative learning, as mentioned in Chapter 3, for the model the goal is to
be able to determine whether there is a similarity between the target building and
the similar building, and to what extent. In this case, it is particularly important
that there are no overfitting or underfitting conditions, and therefore that the model
is sufficiently capable of generalizing the observed phenomenon. For this reason,
hyperparameter optimization must reflect this requirement and this is certainly rep-
resented by the R2, justea» @ Metric typically used to obtain information on the level of
goodness of the model and whether it is sufficiently balanced (i.e., whether its gen-
eralization capabilities are satisfactory, i.e., whether it does not fall into underfitting
or overfitting).

In detail, a minimum and a maximum value of the Rg djusted is considered in order
to avoid underfitting and overfitting respectively, while maximum iterations and
execution time are set in order to avoid any kind of unefficient use of computational
resources. The exact values considered for each one of them are reported in Table

4.8.

Cooperative learning

Metric Threshold
Rgdjusted minimum 0.70
Rgdjusted maximum 0.95

Maximum iterations 100
Time of execution [s] 900
Transfer learning
MAPE maximum 10.0%
MAPE minimum 2.00%
Maximum iterations 1’000
Time of execution [s] 900

TABLE 4.8: Metrics thresholds.

Among these, the metrics given the most consideration are the Ridjust .q and the
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execution time: the former, as is well known, represents the goodness-of-fit index
of the model and its related variables to the observed phenomenon, while the latter
is useful for evaluating the feasibility of implementation in real-world applications,
where there are time constraints for updating the models and their respective results.

On the contrary, in transfer learning, the requirement (at least the most pressing
one) is to have accurate forecasts of the target building energy needs, which is why
MAPE was chosen as the hyperparameter optimisation metric. This choice was also
dictated by the fact that the risk of overfitting is less pronounced at this stage: this
is because the most of the “knowledge” has already been learned in the previous
phases. In particular, it can be assumed that the preliminary similitude check acts as
a guarantee that any overfitting will only affect specific details of the target build-
ing, not the fundamental relationships between the variables and the fundamental
energy dynamics learned through the similar building. In particular, verification of
the similarity consistency (or at least that the criteria are met) allows to affirm that
transfer learning is applicable and, by virtue of this, any overfitting would indicate
that the model is particularly specialised in reproducing the behaviour of the target
building based on that of the similar building, which corresponds to the objective of

this phase.
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Chapter 5

Results

5.1 Introduction

In this section, the results achieved for the different parts of the presented algorithm
are reported. First, the data cleaning output, with the pre and post-cleaning situa-
tion, highlights how the data is improved and less affected by outliers. Subsequently,
the comparison between the various optimization algorithms applied to the demand
forecasting models is presented, showing the optimal hyperparameter sets, the ex-
ecution times required by each one to reach the most performing solution, and to
which value of the optimization metric they correspond. Finally the results of the
simulations for each of the energy demands under investigation are reported, with

reference to the results of the target structure corresponding to the Cona Hospital.

5.2 Preprocessing

The datacleaning thresholds imposed according to table 4.6 results in a decrease of
the quantities of available data. From table 5.1 it is clear the importance of dataclean-
ing itself in real-world application, because the presence of ‘dirty” data represent as a
fact a not negligible factor. Moreover, the energy demands most affected by this cir-
cumstance are precisely those related to thermal and cooling needs. This is because
their respective equipments, plant components, and distribution systems are subject
to the most frequent and lengthy maintenance operations, than electrical systems,
for example.

These inconveniences, due to routine situations on the plants, clearly have a neg-

ative impact on the amount of data available for training machine learning models,
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Heat Cold Electricity
Raw dataset 31’823 31’823 31’823
Preprocessed dataset 8’538 11274 22’119
Training /Test data ratio 6:1 12:1 3:1

TABLE 5.1: Number of timestamps before and after the preprocessing
phase.

reducing the available amount. In spite of this, as can be seen from Table 5.1, the
ratio among training data to test data is still satisfactory and, although lower than
in the literature consulted where ratios of 250:1 are also reached, in line with good
practice in statistics (where a ratio of 2/3 and 1/3 between training set and test set
respectively is recommended). In particular, the presence of gaps or 'NaN’ values is
the most encountered issue. This takes place because of the interruption of power
supply to the meters during maintenance of the affected plant components. In addi-
tion to that, since the meters record cumulative values, they generate "spikes” upon
resumption of operation, resulting from the difference between the last value trans-
mitted before the power interruption and the first value upon resumption of oper-
ation. For the cooperative learning phase the next step, finally, is the shuffling of
data: shuffling training and test datasets is a standard practice in machine learning
with significant implications for model training and evaluation. By randomizing the
order of data points, shuffling prevents bias, improves convergence in iterative algo-
rithms, and mitigates the effects of non-IID data. In the evaluation phase, shuffling
enhances the robustness of performance estimates, defects overfitting, and ensures
fair comparison between different models or hyperparameter configurations. Mod-
els trained and evaluated on shuffled data tend to exhibit greater accuracy, reliability,
and reduced variance in predictions. Once the similitude is validated also at a "dy-
namic" level, the same operation is repeated in the transfer learning phase, where,
however, data shuffling is not carried out, as the aim is to predict the energy needs of
the target building based on the knowledge gathered through the data of the similar

building.
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5.3 Cooperative learning

5.3.1 Variables importance

The first result investigated is the feature importance, that is the score of each input
variable accordingly to its importance in improving model performance according to
the chosen performance metric, namely their correlation with the output variables.
From the results are listed in Table 5.2, it is evident that heating and cooling demands
are mainly influenced by the external temperature and the month in which they are

supplied to the building.

Score
Feature
Heat Cold Electricity
External 0.51924 0.64182 0.13274
temperature

Month 0.16965 0.20344 0.19385
Relative 0.02506 0.03586 0.04428

humidity
Hour 0.01915 0.02317 0.06441
Day 0.01744 0.01633 0.11193
Year 0.04194 0.06486 0.25697
Weekday 0.00647 0.00520 0.06299
Volume 0.06669 0.00336 0.04033
Surface 0.0706 0.00300 0.05095
Number of beds 0.06375 0.00296 0.04155

TABLE 5.2: Feature importance for cooperative learning

The same applies to electricity demand, which may subtend portable or split
system type equipment presence. The other variables weights are aligned with
each other respect to the three energy needs, assuming greater or lesser importance
depending on the forecasted demand. About this, for example, relative humidity
shows an importance score between 1.5 and 2 times greater in the cooling and elec-
tricity demands forecast than heating one, which could be related to the incidence
of latent heat in the dehumidification process. In similar manner, the time at which
the electrical demand arises is of high importance, as it can be observed by time,
day, year and day of the week feature importance scores. On the other hand, the
building characteristics, such as geometric factors, its intended use and the level of

service offered (e.g. beds) have a greater influence on the heating and electricity
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demands. This fact may be because they are linked to the actual use of the building
and its spaces, more than it is for cooling, which is usually supplied to environments
characterised by continuous use and constant temperatures during the whole year,

i.e. surgery rooms and intensive care units.

5.3.2 Machine learning model selection

Based on the criteria given in the table 4.8, machine learning models suitable for
predicting the energy needs of the target building are derived. In more detail, as can
be gleaned from the literature review in the chapter 2 and table 5.3, more than one

model was found to fit the scope.

Machine
Energy Learning Hyperparameters Convergence
need model optimizer steps
Heat R;gizin Bayesian 2
Cooling Rlilgfe(s)? Bayesian 2
Extremely
Electricity Randomized Bayesian 2
Trees

TABLE 5.3: Results of the machine learning model selection for coop-
erative learning.

5.3.3 Hyperparameters optimization

The hyperparameter optimization process yielded the results listed in Table 5.4.
Comparing the hyperparameters, the thermal and cooling energy demands require
much less computational effort than the electrical energy demand, although the

larger volume of data available for the latter in the training.

5.3.4 Accuracy metrics

With regard to the predictions accuracy, the main metrics are reported in Table 5.5,
and the "data predicted-data test set" diagram is provided, making possible to com-
pare the results for each energy demand.

Comparing Table 5.4 with Table 5.5 results, it is observed that electricity needs

much more features to be above the acceptable thresholds, compared to heating and
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Ener Machine
8y Learning Hyperparameter Value
need
model
Estimators 3052
Random ‘ Max depth ‘ 43
Heat Forest Min samples split 9
Min samples leaf 2
Max features 0.72
Estimators 3052
Random ‘ Max depth ‘ 43
Cold Forest Min samples split 9
Min samples leaf 2
Max features 0.72
Estimators 613
Extremely Max depth 387
Electricity Randomized Min samples split 9
Trees Min samples leaf 2
Max features 0.7
TABLE 5.4: Results of the hyperparameters optimization for coopera-
tive learning.
Energy MAPE Execution
need RMAE RMSE (%] Zadjusted time
[s]
Heat 0.1785 0.2291 9.390 0.9422 1.253
Cold 0.1049 0.1893 9.6787 0.9413 56.89
Electricity 0.2931 0.4700 9.051 0.7481 35.72

TABLE 5.5: Metrics results for cooperative learning.

cooling demands. About this, heating shows fast time calculations and less compu-
tational effort, compared to the other ones. Among the all three mentioned, cooling

shows off the lowest accuracy and highest execution time.

5.3.5 Energy needs profiles

In this section, the profiles of each of the energy demands are reported. In detail,
energy needs profile for the winter, summer and intermediate seasons (understood
as autumn or spring), compared with what is predicted by the presented model are
available. In general, although a good fit is observed for all three of them, the most
relevant information will be highlighted from time to time.

The Figure 5.1 regarding heating demands shows a good prediction and corre-

lation long all over the range, although a slight tendency to overestimate can be
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FIGURE 5.1: Predicted vs. test set results for thermal demand.

observed at the highest requirements, roughly from 50% to above. A similar argu-
ment can be made for the scattering of data, which is higher at higher thermal loads:
this could be attributed to the influence of variables not considered in the modeling,
such as solar radiation, wind or crowding of hospital facilities.

In any case, it is important to point out that these “imperfections” are definitely
contained and do not significantly affect the goodness of what the metrics highlight
and observe in general about the work done so far. Similar observations for the cool-
ing demand, which differs from the thermal demand in that it shows no clear ten-
dency to overestimate or underestimate in any of the requirement ranges, as shown
from figure 5.2 showing itself in fact as the most balanced of all three.

In more detail, it can be observed a slightly tendency to understimate the real
energy need near to the nominal load. Residuals dispersion is more or less constant
in the whole range of loads, with a light increase at high cooling loads.

Separate considerations should be made for the electricity need, which first of
all shows a greater dispersion of points than the other two energy demands pre-
dicted by the model, as it can be observed in figure 5.3. This can certainly also be
attributed to the lower degree of correlation of the model in predicting electricity
needs, compared to what is shown, on the other hand, for thermal and refrigeration

needs. There is a trend in overestimating the real electrical need in the whole range
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FIGURE 5.2: Predicted vs. test set results for cooling demand.

of loads, with a light improvement near to the nominal loads. However, all these
considerations result in a good prediction of load profiles for all three energy needs,
as can be observed from the figures 5.4 to 5.12. In detail, for all three of them, the
actual profiles are compared with those predicted by the algorithm for three weeks,
each one representative of a period of the year: winter, autumn/spring (as interme-
diate seasons) and summer are considered.

In more detail, comparing heat demand during the winter, summer and inter-
mediate (spring/autumn) seasons, represented by figures 5.4, 5.5 and 5.6 respec-
tively, shows a slight positive offset precisely when thermal needs are higher, i.e.
precisely during the winter season.The genesis of this offset can be attributed to the
constraints imposed at the stage of data cleaning, of which table 4.6. In fact, compar-
ing the upward and downward profiles of the energy demands of the above figures
it shows that the predicted values of the former are more closely matched to the
actuals of the latter, in terms of the slope of the line.

Looking in more detail at each season period for each energy demand, as can be
seen from figure 5.4, the thermal energy demand profile is reproduced rather faith-

fully, if one sets aside the tendency to overestimate or underestimate actual values at
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FIGURE 5.3: Predicted vs. test set results for electricity demand.
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winter week.



5.3. Cooperative learning 117

1.00

—— test set
—— prediction

o AN A
Y \ VA WA NV\MVA / |
‘/\J" ,/ f it A

©
~
wu

Normalized thermal demand
o o
N (6]
(6] o

0 20 40 60 80 100 120 140 160
Time [h]

FIGURE 5.5: Thermal energy needs predicted (blue) vs. real (red) —
intermediate season week.

certain times of the year. Once more, this is probably linked to the data cleaning cri-
teria set in the preprocessing part. In more detail, the more restrictive constraint im-
posed on the downward profile of requirements than on the upward profile means
that the model is not trained and, therefore, unable to recognize and correctly repro-
duce precisely those changes that are more abrupt than those contained in the clean
dataset.

Different discussion are made when the heating demand is low. In fact, on the
other hand it can be observed that some of the peaks are not faithfully reproduced,
as it is the case at the higher ones, or in some cases these are completely invented
or missing. This circumstance can be attributed, in contrast to the above, to the
limitations imposed on the hyperparameters optimization search space: this fact,
evidently, prevented the Random Forest model from creating additional decision
nodes along each of the trees. This meant that the model is unable to recognize and
model additional case histories, which would allow the peaks to be reproduced with
adequate precision and accuracy.

As for the profiles of cooling demand during the same periods, these can be
observed in the figures 5.7, 5.9 and 5.8. There is a marked improvement in the ad-
herence of predicted profiles to actuals compared to what was previously found for

heating needs. This indicates that the constraints on data cleanliness and search
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FIGURE 5.6: Thermal energy needs predicted (blue) vs. real (red) —
summer week.

space are probably better calibrated than in the previous case.

This circumstance is related to the fact that the excursions of cooling need are
significantly lower for a refrigeration hydronic circuit than for a thermal one, both
in terms of flow rates and temperatures. Regarding the first one, it must be observed
that not all spaces and, therefore, utilities subject to heating are necessarily cooled,
causing the processed flow rates and, consequently, their variations to be lower. In
particular, in a hospital, the areas having higher cooling requirements are those with
higher intensity of care, e.g. intensive care units, high-dependency units and surgery
areas, which are characterized by continuous and stable operations over time. Sec-
ond point, a hydronic cooling circuit operates with AT temperature ranges between
supply and return flow of about 5°C (typically, 7°C in supply and 12°C in return).

Conversely, a hydronic heating circuit can operate with much larger temperature
differences: typically, for areas served by AHUs or fancoils, there are AT temperature
ranges of 10°C between supply and return (usually, 50°C as supply temperatures
and 40°C as return temperatures), but there is nothing to prevent such tempera-
ture differences under certain circumstances from even increasing (for example, due
to sudden demands from utilities or different emission items, such as radiators).

In fact, unlike what was highlighted for cooling, heating is substantially extended
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FIGURE 5.9: Cooling energy needs predicted (blue) vs. real (red) —
summer week.

to all spaces of the hospital structure, each of which is subject to different thermo-
hygrometric, ventilation and service system requirements, elements that drastically
increase the variability of behavior. This implies that the variations in cooling need
are much smaller than those in heating ones, making the constraints on data cleanli-
ness and search space properly calibrated so that the model accurately and precisely
reproduces the demands profile.

The electricity demand forecast, in contrast to the previous cases, presents the
least satisfactory results among the three investigated, as also mentioned in the sec-
tion 5.3.4. The greater computational complexity is found, in fact, in demand profiles
that are decidedly less regular than those for heating and cooling.

The essentially zero inertia of the system, of the users and of its energy vector
means that the variations are much more sudden and frequent than those that can be
recorded in the case of heating or cooling demands. Furthermore, this circumstance
finds its coherence in the fact that the algorithm itself leans towards an ET type
model, rather than an RF one, as anticipated in the previous paragraph 5.3.4.

The comparison between the electricity demand profiles in the winter, summer
and intermediate seasons can be observed in the figures 5.10, 5.12 and 5.11. These
show a good reproduction of the profiles when the needs are lower, i.e. close to

the base load. This circumstance, which occurs mostly in the winter period, also
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corresponds to the situation in which there is less variability in the electrical needs
of the facilities. For the opposite reasons, however, a slight worsening is recorded
when the loads are higher.

In greater detail, in the summer season, a positive offset is noted between the
expected and actual demand profile. As in the cases previously observed and com-
mented, this deviation is attributable to the inability of the model to follow and
reproduce with adequate precision and accuracy the ramps of ascent and, above all,
of descent of the demand. This circumstance, as in the other cases, is most likely to
be found in an imperfect tuning of the data cleaning constraints by the algorithm. In
fact, a non-perfect reproduction of some of the peaks, both ascending and descend-

ing, is observed in the figure 5.12.

5.4 Transfer learning

This paragraph concludes the Chapter 5 by presenting the results obtained from
transfer learning by training a model to predict each of the energy needs, once the

similitude is validated.
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5.4.1 Variables importance

It should be noted that variable importance at this stage has a more theoretical than
practical scope, as they have been validated in the previous cooperative learning
phase. This is further confirmed by the fact that the gap between the weights of
importance is much narrower in the transfer learning phase than in the cooperative

learning phase.

Score
Feature
Heat Cold Electricity
Surface 0.00856 0.01483 0.01238
Volume 0.00183 0.00188 0.01729
Beds 0.00181 0.00827 0.00418
External 0.00171 0.00010 0.00012
temperature
Month 0.00035 0.00012 0.00014
Year 0.00020 0.00068 0.00030
Hour 0.00004 0.00003 0.00005
Relative 0.00002 0.00006 0.00008
humidity
Day 0.00002 0.00002 0.00002
Weekday 0.00002 0.00001 0.00002

TABLE 5.6: Feature importance for transfer learning

Compared to cooperative learning, it can be seen that the variables present a
substantially reversed order of importance, with those related to geometry being

more influential in predicting energy needs than ones linked to weather.

5.4.2 Machine learning model selection

Not surprisingly, compared to the previous case, neural networks, in particular ML-
PRegressor, are the preferred model for each of the energy needs at this stage, as
it can be observed by table 5.7. This is in line with the literature, in which neural

networks usually perform better when the target is to reproduce time series.

5.4.3 Hyperparameters optimization

As regards the model’s hyperparameters, it can be seen that the “most complicated”

energy need to predict (i.e. requiring the greatest number of neurons, hidden layers
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Machine

Ener . Hyperparameters Convergence
nee§y Learning ypopfimizer stel:{;s
model
Heat MLP Bayesian 2
Cooling MLP Bayesian 2
Electricity MLP Bayesian 2

TABLE 5.7: Results of the machine learning model selection for trans-
fer learning.

and iterations) is the thermal one, followed closely by the electrical, while the cool-
ing is still the easier to predict. In particular, it should be noted that the structure
of neural networks is rather simple, although it requires thousands of neurons, al-
though distributed over a single layer: this characteristic allows us to deduce that
the relationships underlying the prediction of energy needs are essentially linear or,
in any case, fairly simple.

In fact, the simulations were concluded with 14 iterations for the heating and
cooling energy needs forecasts and 13 for the electricity one, which further confirms

the simplicity of the models and their execution.

5.4.4 Accuracy metrics

Moving on to the metrics, in table 5.9 it can be observed that, with the exception of
execution time, in the transfer learning phase they are improved compared to those
of table 5.5 in the cooperative learning phase. This element represents an encour-
aging confirm that what was learned during the cooperative learning is used with
benefit during the transfer learning phase, which can therefore claim to have suc-
cessfully transferred the knowledge acquired from the similar building to the target
building.

In this regard, it can be useful to compare the results of the transfer learning
phase with those of the cooperative learning: it must be highlighted that the two

phases involved training the models and optimizing their hyperparameters with dif-

2

ferent reference metrics, in particular the R?; justed

for the cooperative learning phase
and the MAPE for the transfer learning phase, making this stage to be cautiously
handled. In this regard, it may be beneficial to keep in mind that, rather than a di-

rect comparison between the two phases (which would make little sense), what it
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is investigated is whether there have been improvements in the metrics from one
phase to the next, as this would confirm that the knowledge has been acquired and
correctly transferred from one phase to the other.

In more detail, there are improvements in the RMSE of the cooling and electricity
demand and in all the RMAE, which allows to state that the model has certainly
improved its ability to correlate the input variables with the output ones.

As regards the MAPE, it can be observed that for all three energy needs the val-
ues are within the acceptability range presented in the table 4.8. The improvement
observed compared to the results in the table could be due to the use of this metric
as an optimization metric for the model hyperparameters and, therefore, not directly

linked to an actual performance improvement.

2
adjuste

The results regarding the R , metric are also interesting, as at this stage it
shows better values than those found in cooperative learning. In more detail, it can
be observed that the values are higher, although in the case of electricity energy need,
they even exceed the acceptability threshold. This indicates potential overfitting
issues, i.e. excessive specialization of the model and a risk of problem generalization
ability loss. This circumstance should be mitigated by the fact that training set is

made by the similar building data only. In any case, it is certainly an element worth

of further investigations and studies, especially considering further building type.

5.4.5 Energy needs profiles

At the end of this chapter, a comparison is made between the real energy needs
profiles of the target building represented by the validation set and those predicted
by the model based on the training set made by the similar building data for the
three energy needs investigated.

In detail, starting from the thermal energy need profile, figure 5.13 visually high-
lights that real and predicted are almost aligned with each other, with even the peaks
or sudden load changes (more or less pronounced) corretly reproduced.

Given the metrics and what has just been presented, it can be assumed that the
model has substantially captured the complexity of the phenomenon and the build-

ings similitude, without losing its ability to generalise.
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However, to better understand the actual performance of the model in the case
of thermal needs, also in this case it is necessary to use the diagram shown in the
lower side of figure 5.13, the same of those presented for cooperative learning in the
paragraph 5.3.5.

In particular, from the diagram it can be observed that at low loads the model
tends to slightly underestimate energy needs, while this tendency tends to correct it-

self at higher ones. Furthermore, compared to the cooperative learning phase shown

2

in the figure 5.1, the forecast dispersion is reduced. Despite a lower R7;;,;,

; in the
case of transfer learning compared to cooperative learning, this is directly related to
the improvement of the RMSE and RMAE metrics, mentioned in the paragraph 5.4.4
and that can be found comparing table 5.5 with table 5.9.

Moving on to the cooling need, it is observed how the forecast is equally good,
or even better considering the much more complex profile compared to the previous
case, made up of numerous and sudden load variations. These load variations are
those that put the model in the most difficulty, where from figure 5.14 it can be ob-
served that it slightly overestimates the load reductions and slightly underestimates
the increases. This is even more evident analyzing the diagram with the actual and
predicted normalized values as x-axis and y-axis respectively in the same figure. In
this case, a comparison with figure 5.2 shows that the dispersion is certainly smaller
than during the cooperative learning phase, which is reflected in the improvement
in accuracy metrics also in this case. However, the columnar arrangement shown in
the aforementioned scatter plot is striking and, indeed, represents a clear evidence
that the model may have poor predictive capabilities. In more detail, the arrange-
ment of points on this type of plot is typical of situations in which the model fails to
discriminate well between different input situations, producing the same prediction
for cases that actually have different values. This is a sign that the model may have
limited predictive capability or be too simplified to capture the complexity of the
real data.

In this regard, it should be noted that attempts have been made to force more
complex models than that used by the algorithm, but the result has only been to
reduce its dispersion, without ever affecting the columnar look. This circumstance

therefore suggests that a larger dataset or one with more varied data could help
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FIGURE 5.13: Thermal need profile predicted and real(up) and dia-
gram to assess model performance (down)

improve the model’s training and, therefore, its performance.

Finally, moving on to the electrical need, this is particularly challenging and in-
teresting: even if at first glance it seems quite simple, with a relatively flat profile,
the sudden, isolated and, apparently, unjustified peaks (i.e. load variations) cer-
tainly represent an interesting validation for the model, which is clearly called upon
to generalise the phenomenon and correctly identify the energy need and reproduce
it.

In particular, observing the diagram at the top of the figure, it can be seen that
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the peaks are reproduced correctly, both in terms of time and intensity. The quality

of the forecasts, however, is lower for the rest of the demand profile, where there is a

substantial underestimation, albeit slight, of the actual electricity need. It should be

noted, however, that the real profile is still predicted fairly well, with the model able

to track even small load variations. Eventually, in an operational phase this devia-

tion could be managed by introducing a constant capable of aligning the predicted

and real values.

Evenin this case, however, any further improvement of the models requires more
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in-depth studies and, above all, a more varied and broader dataset. Similarly to the
cooling need, in fact, in this case too forcing more complex models did not produce
any significant improvements, which is why it is believed that the dataset is the place

where further improvements can be achieved.
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Ener Machine
8y Learning Hyperparameter Value
need
model
Layers 1
Neurons
for each 5’000
layer
Heat MLP Activation Relu
Learning Constant
rate
Initial 0.001
learning rate
Alpha 0.0001
Layers 1
Neurons
for each 1000
layer
Cold MLP Activation Relu
Learning Constant
rate
Initial 0.001
learning rate
Alpha 0.0001
Layers 1
Neurons
for each 1’500
layer
Electricity MLP Activation Relu
Learning Constant
rate
Initial 0.001
learning rate
Alpha 0.0001
TABLE 5.8: Results of the hyperparameters optimization for transfer
learning.
Energy MAPE Execution
need RMAE RMSE [%] idjusted time
[s]
Heat 0.1363 0.0225 8.219 0.8371 42 .48
Cold 0.0487 0.0032 4.449 0.9411 13.05
Electricity 0.0468 0.0029 2.595 0.9974 35.55

TABLE 5.9: Metrics results for transfer learning.
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Conclusions

The thesis presents a method for the energy needs forecast of a building for which
they are not known ahead. In particular, the proposed methodology focuses on com-
plex buildings characterised by high and complex profile energy demands. As a first
step, the proposed method identificates a scale model of the building under inves-
tigation, of which as much informations as possible are available and from which
the starting dataset can be obtained: for their study and in order to validate the be-
fore mentioned methodology, it is decided to use two hospital buildings, specifically
S.Anna hospital of Cona and Ca’Foncello hospital in Treviso, respectively as target
and similar buildings. In more detail, an automated algorithm capable of replicat-
ing the manual steps typically taken while investigating similitude among buildings
and predicts their energy demand is implemented.

To this end, first of all, a check of the similitude consistency between the build-
ings at a "static" level is carried out, through dimensionless ratios presented in the
chapter 3.This can effectively streamline the whole process, while reducing errors
associated with building selection.

After that, the data cleaning process takes place, which coupled with technical
constraints has proven highly effective in enhancing the algorithm’s robustness by
selectively utilizing data deemed "realistic", even if they deviates from the median
values. This approach further minimizes the amount of data required to accomplish
the task successfully, furthermore enabling a similitude approach.

Then, after a suitably cleaned dataset is obtained on the basis of technical plant

constraints, the cooperative learning phase investigates if the similitude is consistent
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at a "dynamic" level, with the set of models and the related hyperparameter optimi-
sation algorithms chosen and trained accordingly. In this stage, for all energy needs
investigated in the two facilities, the method’s performance evaluation metrics are
met, with Ridjust .1 > 0.7, prediction errors of less than 10% and run times of less
than a minute, all using training set/test set ratios of 3:1 to 12:1, far lower than the
literature consulted. Moreover, including an optimizer, coupled with hyperparame-
ter tuning, data shuffling, and cross-validation techniques, make the entire process
more resilient to changes or anomalies that may arise overtime. The implementation
of ensemble methods enables rapid execution times, even with large datasets, with
satisfactory accuracy in testing similitude among buildings.

Once the similitude is validated at the end of the cooperative learning phase, the
transfer learning one takes place. At this stage, the same steps are replicated training
the AI model on similitude building training set and assessing its performances on
the target building validation set. To perform this task, hyperparameters are opti-
mized according to different accuracy metrics than that of cooperative learning, i.e.
MAPE instead of Rgdju steqr DECAuse of the focus on forecast performances than gener-
alization abilities. The transfer learning phase has highlighted also some limitations
that had not emerged during the cooperative learning phase: in more detail, if the
data cleaning carried out in the preprocessing stage has been particularly useful in
reliably establishing whether there is a similarity between the target building and the
one taken as a model, on the other hand the considerable amount of discarded data
meant that in the transfer learning phase the performances of the models are not so
satisfactory, in particular with regard to the cooling and electrical needs. In detail, in
the first one, the scatter plot shows that the cooling model may have limited general-
ization capabilities despite metrics that are still acceptable compared to the imposed
thresholds, while in the second, a constant underestimation of the building’s actual
needs is highlighted together with overfitting issues that may be a redflag for a lack
of generalization ability.

In conclusion, by developing an enhanced understanding of the mechanisms
that drive energy demands in a complex system, the key variables influencing these
needs and the processes governing energy usage similarities, this work enables more

rapid forecasting of a building’s energy needs from the outset. This allows for the
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timely implementation of energy conservation measures aimed at evaluating and
improving overall efficiency, as well as conducting insightful "what-if" scenario anal-
yses to deepen the understanding of the building’s energy profile without relying on
time-consuming simulations. Furthermore, the implementation of a similitude ap-
proach makes the lack of data no-longer a problem.

Collectively, these findings enable more efficient and effective energy manage-
ment strategies, potentially paving the way to significant economic and environ-
mental benefits across the energy sector.

For what concerns future developments, they include test and validation of the
methodology on a larger pool of buildings, with different or the same uses as in this
thesis work, as well as identifying improvements to further reduce the training/test

ratio.
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