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Abstract 
Energy performance certificates (EPCs) are useful tools 
that not only provide an indication on the efficiency of 
buildings, but also help raising awareness on the 
importance of improving their performance. However, the 
current implementation of EPCs is affected by issues that 
prevent their full potential to be exploited: lack of 
standardization across countries, frequency of errors and 
complexity of the calculation method are some examples. 
This study assesses the possibility of using machine 
learning as an alternative to the current quasi-steady state 
calculation method and represents a first step towards the 
development of a hybrid calculation tool.  
Key Innovations 

• Use of Machine Learning for EPCs assessment 
• Preliminary step towards the development of a 

tool to predict both actual consumption and 
energy score of buildings 

Practical Implications 
The results obtained in this work suggest that 
implementing machine learning in the EPCs assessment 
workflow can bring several benefits to practitioners and 
policy makers. Furthermore, the developed models can 
serve as a base for a data-driven tool capable of both 
scores estimation and quality control of EPCs. 
Introduction 
It is widely recognised how urgent the energy 
consumption issues are (Allouhi et al., 2015). Energy used 
in building accounts for approximately 40% of total EU 
energy consumption and 36% of the greenhouse gas 
emissions (EU. Buildings., 2020). A broad range of 
policies and supportive measures aimed at improving the 
performance of both existing and new buildings has been 
introduced in the recent years, and the European Union 
regulations are increasingly focused on energy 
consumption and carbon emission reduction. The EPBD 
is the EU’s main legislative instrument to improve the 
energy performance of buildings (European Parliament, 
2010); an updated amendment has recently been 
published (European Parliament, 2018). The Energy 
Performance Certificates (EPCs), central to the EPBD, 
provide information on the energy consumption of 
buildings based on quasi-steady state methods.  
EPCs are an important instrument that should contribute 
to promote public consciousness around the energy 

performance of buildings, while also supporting 
regulatory frameworks which aims at reducing energy use 
and greenhouse gas emissions. However, their adoption is 
currently facing some critical issues, such as the lack of 
standardization across countries and a low focus on 
quality control. Although it is not mandatory under EU 
law to establish a central/regional EPC register, almost all 
Member States have implemented a voluntary EPC data 
collection system. In most cases, they were instituted for 
the purpose of monitoring and quality control of energy 
certification processes, which is required by the EPBD 
(Arcipowska et al. 2014; Fantozzi et al. 2009). To date, 
independent control systems for EPCs have been formally 
established in all EU Member States and Norway (Khazal 
and Sønstebø, 2020). However, significant variation in 
the methods used to identify and assess the energy 
consumption exist across European countries (Semple 
and Jenkins, 2020). Being the instrument by which 
achievement of the required nZEB levels, or the more 
ambitious ZCB, is assessed, these differences may lead to 
a remarkable performance gap between buildings that 
achieved the same label in different countries.  
Furthermore, the quasi-steady state calculation method 
used to estimate the energy needs of buildings, while less 
onerous than a dynamic simulation, has a lower precision 
and still carries numerous overheads (Ballarini et al., 
2018). Attempts made to use EPCs in building efficiency 
or large-scale planning of energy improvements  have 
shown that EPCs do not always give an accurate value of 
the actual consumption of buildings (von Platten et al., 
2019; Gangolells et al., 2020). Cozza et al., using  a Swiss 
database as a case study, have found an average 
performance gap of 23% for pre-retrofit buildings and an 
overestimation of 37% for possible savings (Cozza et al., 
2020). A common risk is therefore to consider energy 
certification methods as a reliable prediction of the real 
energy consumption of buildings, a topical problem in 
today's society where minimizing energy consumption by 
guaranteeing high housing standards and high thermal 
comfort is a challenge(Fantozzi and Rocca 2020; 
Lamberti et al., 2020; Lamberti 2020). 
Data-driven approaches may solve some of these 
problems and provide a faster yet powerful alternative to 
quasi-steady state methods. Furthermore, they could be 
easily integrated with existing building cadasters, 
allowing for the creation of a more automated workflow. 
In particular, machine learning models have been widely 
used on a research level to successfully predict energy 
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consumption and carbon emissions of buildings with both 
measured and simulated data (Ahmad et al., 2017; 
Paterakis et al., 2017; Boghetti et al., 2019). 
The goal of this study is to examine the reliability of 
existing energy performance certificates and to 
investigate the possibility of using machine learning as an 
alternative to the current quasi-steady state method. In 
order to do this, two databases containing EPCs of 
buildings in the Lombardy Region in Italy were examined 
and used to train machine learning models. The data 
provided in the two databases, called CENED 1.2 and 
CENED 2.0 respectively, refer to two subsequent version 
of the Italian norm. For this reason, they contain different 
building characteristics as well as different performance 
indicators. This might imply that the two databases have 
a different potential to be used as the data source of a 
machine learning algorithm, which could help solving 
some of the issues that affect EPCs. 
Therefore, this study is a preliminary step towards a 
broader research intent: combining a simplified energy 
model and a machine learning algorithm in order to 
develop a hybrid simulation tool that predicts both the 
energy consumption of buildings and their associated 
energy performance score. Although data on actual 
building consumption are hardly available, an important 
research step would be to compare them with the results 
obtained by the surrogate model. A similar tool could help 
improving the workflow of certificates registration, 
allowing for a simpler and less error prone calculation of 
building performances. Furthermore, it could alleviate 
some of the overheads needed to compare different 
databases created with different calculation methods 
across the European Union. 
Previous works 
A previous research study was carried out by Khayatian 
et al. (Khayatian et al., 2016) on CENED 1.2. In their 
work, an artificial neural network (ANN) was applied to 
estimate the Heat Demand Indicator of residential 
buildings with a low prediction error. The study 
highlighted several issues in the data, and the authors had 
to apply a large number of filters to reduce the occurrence 
of bad samples. This work uses their findings as a starting 
point and extended the research to newer data. In 
particular, it investigates if a similar approach still yields 
acceptable results using the newer database. Furthermore, 
as the performance achieved using CENED 2.0 was 
significantly lower, possible reasons for this result were 
investigated. 
Materials and Methods 
Data collection  
The data used in this work was collected from the open 
data portal of the Lombardy Region (Italy). Here, two 
EPCs databases are available, called CENED 1.2 and 
CENED 2.0. The two databases, created according to two 
subsequent versions of the Italian norm, differ in both the 
provided input data and the calculation method. The 
Italian norm that regulates EPCs was updated in 2015, 
therefore, CENED 1.2 collects 1,516,483 EPCs produced 

with the old methodology and registered until 2015, while 
CENED 2.0 contains data of 942,086 certificates made 
from the year 2016 to the present. Among these, only 
those referred to residential buildings without missing 
data were used, reducing the number of samples to 
306,008 and 439,630, respectively. In both databases, 
residential buildings are identified by the code E.1(1) 
under the “Destination of Usage” column.  
Following the work of Khayatian et al. (Khayatian et al., 
2016), the focus of this study is to investigate the 
possibility of using machine learning to predict the Heat 
Demand Indicator (called ETH in the older version of the 
norm and EPH,nd in the newer one), which quantifies the 
heat demand of a building solely attributable to its 
envelope, not taking into account heat gains due to 
systems. The estimation of the Heat Demand Indicator is 
a fundamental step towards the calculation of the main 
efficiency indexes of EPCs, and it is therefore crucial to 
assure its reliability. Several envelope characteristics are 
needed to correctly estimate the Heat Demand Indicator, 
however, very few are available on the two databases. 
Furthermore, due to the 2015 regulatory change, the 
building characteristics that are made available through 
CENED 1.2 and 2.0 are different. For this reason, two 
separate sets of input features, one for each database, were 
chosen for this work. A summary of them is given in 
Table 1. 

Table 1: Selected input features. 
Database Features 

CENED 1.2 Air changes per hour, average 
basement transmittance, average roof 
transmittance, average room height, 
average windows and doors 
transmittance, construction period, 
degree days, dispersant surface, gross 
floor area, gross volume, net floor area, 
net volume. 

CENED 2.0 Asol,est/AH ratio (Γ), average room 
height, construction period, dispersant 
surface, gross heated volume, heated 
floor area, periodic transmittance, S/V 
ratio, summer equivalent solar area, 
winter degree days. 

As shown in the table, some input features were added to 
those available in the two databases. Specifically, they 
were calculated with simple mathematical operations 
applied on the available input data. In particular, average 
room height (Ha) was calculated as the ratio between net 
volume (Vn) and net area (An) in CENED 1.2 and between 
gross heated volume (Vg) and heated floor area (AH) in 
CENED 2.0: 

𝐻!,# =
$!
%!

   (1) 

𝐻!,& =
$"
%#

   (2) 

Opaque surface (SO) and glazed surface (SG) are 
calculated by using dispersant surface (SD) and glass to 
opaque surface ratio (GOg): 
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𝑆' =
($

#)*'"
    (3) 

𝑆* = 𝑆+ − 𝑆'    (4) 
Finally, the summer equivalent solar area (Asol,est), i.e. the 
sum of the equivalent areas of each glazed component, is 
calculated using equation (5): 

         𝐴,-.,/,0 = Γ ∙ 𝐴1    (5) 
where Γ is the ratio between summer equivalent solar area 
and heated floor area, given by the database. 
The only exception were the winter degree days (DDw), a 
specific parameter associated with the different climatic 
locations, obtained from the tables provided by the Italian 
technical regulations. 
Data filtering  
Previous research conducted on the data highlighted the 
presence of a large number of errors (Khayatian et al., 
2016). For this reason, a thorough filtering of the data was 
necessary to remove the datapoints with evidently 
incorrect values. The list of filters applied to the two 
databases is given in Tables 2 and 3. These filters have 
been set accordingly to those of Khayatian et al., with 
additional limits introduced for CENED 2.0 due to 
differences in the availability of input parameters. 
 

Table 2: building validation filters, CENED 1.2. 
Filter Unit Filter 

Ue, Ub, Ur W/m2K 0<value<4 
Uw W/m2K 0<value<6 

Average U W/m2K 0.15<value<4 
ETH kWh//m2y 5<value<1000 
An m2 50<value 
Vn m3 150<value 
Ha m 2.4<value 
SG m2 1<value 

GOg - 0<value<0.9 
 

Table 3: building validation filters, CENED 2.0. 
Filter Unit Filter 

Yie W/m2K 0.01<value<6 
EPH, nd kWh//m2y 5<value<1000 

An m2 50<value 
Vn m3 150<value 
Ha m 2.4<value 

Asol,est/AH - 0<value<0.5 
 
 
 
 
 
 
 
 
 
 
(a) 

 
 

 
 
 
 
 

 
 
(b) 
 
Figure 1: Distribution of building by construction periods after 
filtering in CENED 1.2 (a) and 2.0 (b). 
After the selection process, available samples were 
reduced to 263,588 and 299,425 in CENED 1.2 and 2.0 
respectively. In other words, 42,420 buildings were 
removed from the older database, and 140,205 from the 
newer one, which was particularly reduced in size by this 
these filters. The construction period distribution of the 
remaining buildings is given in Figure 1. 
In order to assess how effectively the input features 
available in the two databases can be used to estimate the 
Heat Demand Indicator, a second comparison was made 
using buildings for which an EPC was registered using 
both the older and the newer norms but did not undergo 
important renovations between the two. To achieve this 
goal, common residential buildings across the two 
databases were first gathered by using the cadastral 
identifiers available in both CENED 1.2 and CENED 2.0. 
From this small subset of buildings, those that had major 
renovations according to the relative column in CENED 
2.0 were removed. To account for possible missing 
retrofit information, buildings for which the Heat Demand 
Indicator changed more than 10% from the value of the 
older database were also excluded. This subset of 
buildings contained only 2,130 samples, that were further 
reduced to 1,460 by applying the filters used for the single 
databases. 
Machine learning 
The term machine learning (ML) is used to denote a class 
of algorithms that learns from data. In particular, 
supervised learning algorithms are capable of learning 
relationships between a set of input features and output 
targets by looking at labelled data samples. ML has been 
widely applied in recent years to forecast building energy 
consumption and performance with promising results 
(Seyedzadeh et al., 2018; Fathi et al., 2020). In this work, 
several models based on the light gradient boosting 
machines (LGBM) algorithm were built in Python using 
the provided API (Ke et al., 2017) and optimized with the 
Scikit-learn library (Pedregosa et al., 2011). Gradient 
boosting is a machine learning technique in which several 
weak learners, usually decision trees, are built 
sequentially so that each learner slightly improves the 
performance of the previous one. This allows the 
algorithm to have powerful prediction capabilities and 
great flexibility. However, this approach is prone to 
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overfitting, and therefore needs proper hyperparameter 
tuning to improve the generalization ability of the 
resulting model.  
In this work, four different LGBM models were created 
and evaluated. Model M1 was built based on the previous 
work by Khayatian et al. on the CENED 1.2 (Khayatian 
et al., 2016) in order to compare our approach to existing 
research. A second model, indicated as model M2, was 
then trained on data from CENED 2.0, to investigate if the 
reliability of a machine learning approach has changed in 
the new database. Finally, to validate our findings, two 
more models, M3A and M3B, were built on the subset of 
common buildings and compared. Both models use the 
Heat Demand Indicator calculated according to the newer 
norm (EPH,nd) as target, while their input features are those 
available in CENED 1.2 and 2.0 respectively. 
All four models were created using the same approach. 
First, 20% of the samples available were removed from 
the filtered data to be used as test set. Then, a selection of 
the best parameters that reduce the risk of overfitting were 
chosen for each model using a 5-fold cross validation. 
Following a common practice, the number of estimators 
of the models used in the cross validation was set to 200, 
instead of 1000 (as used in final analysis), to reduce the 
computation efforts. A list of chosen hyperparameters is 
given in Table 4. Finally, a model was trained with the 
selected hyperparameters and evaluated on the test data. 

Table 4: Hyperparameters chosen for the four models. 
Hyperparameter M1 M2 M3A M3B 

Bagging fraction 0.91 0.91 0.86 0.82 
Bagging frequency 4 8 5 7 
Feature fraction 0.7 0.9 0.7 0.5 
Lambda L1 0.30 0.04 0.23 0.07 
Lambda L2 0.27 0.47 0.58 0.52 
Max bins 500 2000 200 500 
Max depth -1 -1 -1 -1 
Number of estimators 1000 1000 1000 1000 
Number of leaves 29 39 30 21 

Results 
The results of the four models on their respective datasets 
are summarized in Table 5. The subscripts indicate if the 
entry is related to the average value of the metric in the 
best iteration of the hyperparameter selection step (carried 
out using cross-validation and indicated with CV) or to 
the prediction of the final model on the test set (Test). It 
should be noted that since the models used during the 
hyperparameter selection were created with a lower 
number of weak learners in order to reduce training time, 
their metrics are not directly comparable with those of the 
final models. The metric used to measure the performance 
of the approach is the mean absolute percentage error 
(MAPE). MAPE was chosen as it is not dependent on the 
magnitude of the target variable, and it is therefore easier 
to interpret. Table 5 also shows the coefficient of 
determination (R2), which measures the goodness of fit of 
the model as the proportion of the variance in the data that 
it can explain. 
 

Table 5: Results of the four models on the test sets. 
Model MAPECV MAPETest R2

CV R2
Test 

M1 12.72 11.86 0.94 0.94 
M2 35.22 34.44 0.64 0.64 

M3A 13.61 11.52 0.84 0.81 
M3B 23.12 21.00 0.65 0.61 

In relation to first phase, the model developed on CENED 
1.2 reached an accuracy close to that shown in Khayatian 
et al.’s work, where the MAPE was around 13.28%. The 
model trained on the newer database, on the other hand, 
was not able to achieve similar performance. Instead, its 
MAPE on the test set was above 30% and its R2 was very 
low compared to the other database. Since the calculation 
method of the Heat Demand Indicator did not change 
significantly with the new norm, the reason for this 
discrepancy might be attributable to the presence of a 
larger number of errors in the data or to the lower 
predictive power of the input data provided. A closer look 
at the error is given in figures 2 and 3. The former shows 
the distribution of the error, while the latter shows its 
spread by different construction periods. 
 
 
 
 
 
 
 
 
 
 
(a) 
 
 
 
 
 
 
 

 
 
(b) 

 

 
Figure 2: Error distribution in model M1 (a) and M2 (b). 
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(b) 
 
Figure 3: Error by construction period, models M1(a) M2(b). 

The first model achieved a generally low error, which was 
below 20% for the majority of samples and in very few 
cases surpassed 50%. On the contrary, model M2 had a 
MAPE of more than 20% on more than half of the test 
samples and even higher than 100% on 12% of buildings. 
Both models showed lower performances on newer 
buildings and had the highest precision on buildings built 
before 1993. The higher error on newer buildings is 
probably a combination of two factors: they are a minority 
in the database compared to buildings from other periods, 
which affects the precision of the ML model; and they are 
generally more efficient, which leads to an high MAPE 
even when the absolute error is low. 
The second phase of this study confirmed this trend, with 
model M3A performing largely better than model M3B. 
In fact, the MAPE of the two models on the same data was 
11.52% and 21.00% respectively, while their R2 were 0.81 
and 0.61. Furthermore, as shown in Figure 4, the error 
distribution in the two models is very similar to that of M1 
and M2. Again, using the input feature from CENED 2.0 
led to several occurrence of errors higher than 100%. 
 
 
 
 
 

 

 
 
 
 
 
 
 
 
(a) 

 
 
 
 
 
 
 
 
 
 

(b) 
 
Figure 4: Distribution of error in model M3A (a) and M3B (b). 
This large gap in performance might indicate that the 
input features available in CENED 2.0 are not 
representative enough to provide a reliable estimation the 
thermal properties of the building envelope. In fact, M3A 
was capable of better predictions than M3B on the EPH,nd 

from CENED 2.0, despite using inputs of the older 
database. Scatterplots of the true and predicted EPH,nd for 
the two models are shown in Figure 5. It is possible to 
note how the variation systematically increases in both 
plots as the EPH,nd values grows. This means that both 
models have lower performances on buildings where the 
reported EPH,nd is between 200 and 400 kWh/m2y. 
However, the first model generally fits the problem well, 
and its predictions are strongly correlated with the target 
values. 
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(b) 
 
Figure 5: Predicted and actual values of EPH,nd in models M1 
(a) and M2 (b). The red lines represent the ideal slope. 

Conclusion 
In this work, the possibility of using machine learning 
(ML) as an alternative to the current quasi-steady state 
calculation method of energy performance certificates 
(EPCs) was investigated on two Italian databases. Results 
have shown that ML can be successfully employed to 
predict the Heat Demand Indicator (EPH,nd in the new 
version of the Italian norm) provided that a representative 
set of input features is available. In fact, the model trained 
on data from the older database, called CENED 1.2, was 
able to predict the EPH,nd of a large group of test buildings 
with low error, which only in few cases was higher than 
20%. The R2 score of the model was also very high, 
reaching a value of 0.94 on the test samples. The 
performances of ML on the newer database (CENED 2.0), 
on the other hand, were not satisfactory. The mean error 
of the model was considerably higher and in a non-
negligible number of cases it surpasses 100%. In order to 
further investigate this gap, a third dataset was created 
with residential buildings that were present in both 
databases and that were not subject of substantial changes. 
Two different ML models were then trained on this subset 
of buildings using the features from CENED 1.2 and 2.0 
respectively. The results are similar to those observed 
when considering the two databases separately. A 
possible reason is that CENED 2.0 contains less 
information on the building envelope, and in some cases 
the available features do not describe the characteristics 
of the building as well as they should. It is the case, for 
example, of the periodic transmittance Yie, which is 
defined as the complex amplitude of the density of heat 
flow rate through the internal surface of the envelope, 
divided by the complex amplitude of the external 
temperature when the internal temperature is held 
constant. This feature is less representative of the actual 
building envelope’s thermal behavior than the mean 
thermal transmittance that could be extracted from 
CENED 1.2. Specifically, the Pearson correlation 
coefficient with EPH,nd is 0.22 for Yie and 0.55 for the 
average envelope transmittance. Therefore, these results 

indicate that the reliability of a ML approach to EPH,nd  
estimation largely depends of the input features chosen. 
The originality of this research lies in the comparison of 
different EPC databases to assess their potential to fit into 
a possible data-driven standardization strategy of the 
certificates registration and control workflow on a wide 
scale. This potential is particularly dependent on the 
availability of highly descriptive features of the registered 
buildings in the database, which allow for a precise 
estimation of the heating energy demand. As a similar 
improvement would yield significant and tangible 
benefits, particular attention should be directed to 
choosing which input information include in an EPC 
database. Furthermore, this work showed that, at least for 
what concerns the two case studies, EPC open databases, 
at present, might not be completely reliable due to the 
presence of several entries containing errors. In this work, 
simple filters were applied to the data in order to identify 
samples with incorrect values. This operation reduced the 
datapoints available by 14% in CENED 1.2 and by 32% 
in CENED 2.0. Even though these filters might have not 
been enough to identify all erroneous entries, the share of 
samples affected is not negligible, making the 
implementation of control measures an important 
concern. While the origin of this many errors remains 
uncertain without further investigations, changing the 
workflow with which EPCs are calculated, registered and 
made available through open data portals might certainly 
help alleviate the issue. In particular, implementing data-
driven methods, using both supervised and unsupervised 
learning, might reduce the calculation complexity for the 
professional and at the same time prevent a large number 
of erroneous EPCs to be registered. 
Future developments 
This work has demonstrated that under certain conditions 
ML algorithms can be reliably used to estimate the EPH,nd 
of buildings. There are however further steps needed to 
assess the main indexes used in the EPCs, which also 
require building systems to be considered. Future works 
might therefore be aimed at investigating the best way to 
account for systems in the calculation, using ML, 
simplified simulations, or a combination of both. 
Furthermore, future steps should also be focused on 
investigating the feasibility and possible advantages of 
transitioning from quasi-steady to dynamic simulation 
models to generate the data needed for training the ML 
model.  In this regard, having the possibility to validate 
the results against monitored data would be the best way 
to evaluate the performance of the different approaches. 
Monitored energy consumption data, however, is rarely 
available as it raises significant privacy concerns.  
Further developments might also be targeted at testing 
this approach on different databases, especially from 
different European countries, so that a comparison on 
results can be made and common problematics identified. 
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Nomenclature 
Abbreviation 
ZCB,  Zero Carbon Buildings 
ZEB,  Zero Energy Buildings 
NZEB,  Net Zero Energy Buildings 
nZEB,  Nearly Zero Energy Buildings 
EPBD,  European Performance of Buildings Directive 
BPS,  Building Performance Simulation 
EPC,  Energy Performance Certificate 
ETH,  Energy demand for heating, old database 
EPH,nd Energy demand for heating, new database 
ANN,  Artificial Neural Network 
MAPE, Mean Absolute Percentage Error 
CY,  Construction year 
ACH, Air Change per Hour 
Symbol 
Ag,  Gross floor area [m2] 
An,  Net floor area [m2] 
AH,  Heated floor area [m2] 
Vg,  Gross volume [m3] 
Vn,  Net volume [m3] 
Ha, Average room height [m] 
SD,  Dispersant surface [m2] 
SG,  Glazed surface [m2] 
SO,  Opaque surface [m2] 
GOg Glass to opaque surface ratio [-] 
Asol,est,  Summer equivalent solar area [m2] 
U,  Transmittance [W/m2K] 
Yie,  Periodic transmittance [W/m2K] 
DDw, Winter degree days 
R2 Coefficient of determination 
 
References 
 Ahmad, M. W., Mourshed, M., and Rezgui, Y.. 2017. 

“Trees vs Neurons: Comparison between Random 
Forest and ANN for High-Resolution Prediction of 
Building Energy Consumption.” Energy and 
Buildings 147. Elsevier B.V .: 77–89. 
doi:10.1016/j.enbuild.2017.04.038. 

Allouhi, A., El Fouih, Y., Kousksou, T., Jamil, A., 
Zeraouli, Y ., and Mourad, Y . 2015. “Energy 
Consumption and Efficiency in Buildings: Current 
Status and Future Trends.” Journal of Cleaner 
Production 109. Elsevier Ltd: 118–130. 
doi:10.1016/j.jclepro.2015.05.139. 

Arcipowska, A., Anagnostopoulos, F., Mariottini, F., and 
Kunkel, S. 2014. Energy Performance Certificates 
(EPC) across the EU. Mapping of National 
Approaches. BPIE. 

Ballarini, I., Primo, E., and Corrado, V. 2018. “On the 

Limits of the Quasi-Steady-State Method to Predict 
the Energy Performance of Low-Energy 
Buildings.” Thermal Science 2018 (January). 
doi:10.2298/TSCI170724133B. 

Boghetti, R., Fantozzi, F., Kämpf, J. H., and Salvadori, G. 
2019. “Understanding the Performance Gap: A 
Machine Learning Approach on Residential 
Buildings in Turin, Italy.” Journal of Physics: 
Conference Series 1343 (1). doi:10.1088/1742-
6596/1343/1/012042. 

Cozza, S., Chambers, J., Deb, C., Scartezzini, J. L., 
Schlüter, A., and Patel, M. K. 2020. “Do Energy 
Performance Certificates Allow Reliable 
Predictions of Actual Energy Consumption and 
Savings? Learning from the Swiss National 
Database.” Energy and Buildings 224. The Authors: 
110235. doi:10.1016/j.enbuild.2020.110235. 

EU. Buildings. 2020. “Energy Performance of Buildings 
Directive.” 
https://ec.europa.eu/energy/topics/energy- 
efficiency/energy-efficient-buildings/energy- 
performance-buildings-directive_en. 

European Parliament. 2010. “Directive 2010/31/EU on 
the Energy Performance of Buildings.” Official 
Journal of the European Union, no. of 19 May 2010 
on the energy performance of buildings (recast). 

European Parliament. 2018. “Directive (EU) 2018/844 
Amending Directive 2010/31/EU on the Energy 
Performance of Buildings and Directive 
2012/27/EU on Energy Efficiency.” Official 
Journal of the European Union, no. of 30 May 2018 
amending Directive 2010/31/EU on the energy 
performance of building and Directive 2012/27/EU 
on energy efficiency. 

Fantozzi, F., Leccese, F., Salvadori, G., and Tuoni, G. 
2009. “Energy Demand Analysis and Energy 
Labelling of New Residential Buildings in Tuscany 
(Italy).” WIT Transactions on Ecology and the 
Environment 122 (May 2014): 217–229. 
doi:10.2495/ECO090211. 

Fantozzi, F., and Rocca, M. 2020. “An Extensive 
Collection of Evaluation Indicators to Assess 
Occupants’ Health and Comfort in Indoor 
Environment.” Atmosphere 11 (1). 
doi:10.3390/atmos11010090. 

Fathi, S., Srinivasan, R., Fenner, A., and Fathi, S. 2020. 
“Machine Learning Applications in Urban Building 
Energy Performance Forecasting: A Systematic 
Review.” Renewable and Sustainable Energy 
Reviews 133 (August). Elsevier Ltd: 110287. 
doi:10.1016/j.rser.2020.110287. 

Gangolells, M., Casals, M., Ferré-Bigorra, J., Forcada, N., 
Macarulla, M., Gaspar, K., and Tejedor, B. 2020. 
“Office Representatives for Cost-Optimal Energy 
Retrofitting Analysis: A Novel Approach Using 
Cluster Analysis of Energy Performance Certificate 

________________________________________________________________________________________________

________________________________________________________________________________________________ 
Proceedings of the 17th IBPSA Conference 
Bruges, Belgium, Sept. 1-3, 2021

 
1546

 
 

https://doi.org/10.26868/25222708.2021.30398



Databases.” Energy and Buildings 206. Elsevier 
B.V.: 109557. doi:10.1016/j.enbuild.2019.109557. 

Ke, G., Meng, Q., Finley, T., Wang, T., Chen, W., Ma, 
W., Ye, Q., and Yan Liu, T. 2017. “LightGBM: A 
Highly Efficient Gradient Boosting Decision Tree.” 
Advances in Neural Information Processing 
Systems 2017-December (Nips): 3147–3155. 

Khayatian, F., Sarto, S., and Dall’O’, G.. 2016. 
“Application of Neural Networks for Evaluating 
Energy Performance Certificates of Residential 
Buildings.” Energy and Buildings 125. Elsevier 
B.V.: 45–54. doi:10.1016/j.enbuild.2016.04.067. 

Khazal, A., and Sønstebø, O. J. 2020. “Valuation of 
Energy Performance Certificates in the Rental 
Market – Professionals vs. Nonprofessionals.” 
Energy Policy 147 (June). 
doi:10.1016/j.enpol.2020.111830. 

Lamberti, G. 2020. “Thermal Comfort in the Built 
Environment: Current Solutions and Future 
Expectations.” Proceedings - 2020 IEEE 
International Conference on Environment and 
Electrical Engineering and 2020 IEEE Industrial 
and Commercial Power Systems Europe, EEEIC / I 
and CPS Europe 2020. 
doi:10.1109/EEEIC/ICPSEurope49358.2020.9160
558. 

Lamberti, G., Fantozzi, F., and Salvadori, G. 2020. 
“Thermal Comfort in Educational Buildings: Future 
Directions Regarding the Impact of Environmental 
Conditions on Students’ Health and Performance.” 
Proceedings - 2020 IEEE International Conference 
on Environment and Electrical Engineering and 
2020 IEEE Industrial and Commercial Power 
Systems Europe, EEEIC / I and CPS Europe 2020. 

doi:10.1109/EEEIC/ICPSEurope49358.2020.9160
680. 

Paterakis, N. G., Mocanu, E., Gibescu, M., Stappers, B. 
and Van Alst, W. 2017. “Deep Learning versus 
Traditional Machine Learning Methods for 
Aggregated Energy Demand Prediction.” 2017 
IEEE PES Innovative Smart Grid Technologies 
Conference Europe, ISGT-Europe 2017 - 
Proceedings 2018- Janua: 1–6. 
doi:10.1109/ISGTEurope.2017.8260289. 

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., 
Thirion, B., Grisel, O., Blondel, M. et al. 2011. 
“Scikit-Learn: Machine Learning in Python.” 
Journal of Machine Learning Research 12 (May 
2014): 2825– 2830. 

Semple, S., and Jenkins, D. 2020. “Variation of Energy 
Performance Certificate Assessments in the 
European Union.” Energy Policy 137 (November 
2019). Elsevier Ltd: 111127. 
doi:10.1016/j.enpol.2019.111127. 

Seyedzadeh, S., Rahimian, F. P., Glesk, I., and Roper, M. 
2018. “Machine Learning for Estimation of 
Building Energy Consumption and Performance: A 
Review.” Visualization in Engineering 6 (1). 
Visualization in Engineering. doi:10.1186/s40327-
018-0064-7. 

von Platten, J., Holmberg, C., Mangold, M., Johansson, 
T., and Mjörnell, K. 2019. “The Renewing of 
Energy Performance Certificates—Reaching 
Comparability between Decade-Apart Energy 
Records.” Applied Energy 255 (August). Elsevier: 
113902. doi:10.1016/j.apenergy.2019.113902. 

 

 
 
 

________________________________________________________________________________________________

________________________________________________________________________________________________ 
Proceedings of the 17th IBPSA Conference 
Bruges, Belgium, Sept. 1-3, 2021

 
1547

 
 

https://doi.org/10.26868/25222708.2021.30398




