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The vast data collected since the enforcement of building energy labelling in Italy has provided valuable in-formation that is useful for planning the future of building 
energy efficiency. However, the indicators provided through energy certificates are not suitable to support decisions, which target building energy retrofit in a 
regional scale. Considering the bias of the energy performance index toward a building’s shape, decisions based on this index will favor buildings with a specific 
geometric characteristics. This study tends to overcome this issue by introducing a new indicator, tailored to rank buildings based on retrofitable characteristics. The 
pro-posed framework is validated by a case study, in which a large dataset of office buildings are assigned with the new index. Results indicate that the proposed 
indicator succeeds to extract a single index, which is representative of all building characteristics subject to energy retrofit. A new labeling procedure is also compared 
with the conventional classification of buildings. It is observed that the proposed labels properly partitions the dataset, according to buildings’ potential to undergo 
energy retrofit.

1. Introduction

As part of the climate change counterfeiting objectives of the 
European Union, the Energy Performance for Buildings Directive (EPBD 
recast) mandates EU Member States to promote building energy effi-
ciency [1]. Even though building energy efficiency was already en-
forced in some EU Member States [2]; the implementation of the EPBD 
resulted in national and regional legislations that persuade public and 
private bodies to undergo building energy audit, often by means of an 
Energy Performance Certificate (EPC) [3]. The outcomes of im-
plementing EPCs has been widely investigated from various perspec-
tives: reliability and credibility of the certificates [4,5], Socio-economic 
impacts [6], energy retrofit scenarios [7,8], renting and trading prop-
erties [9–11], social participation [12,13], and the impacts of EPCs on 
other policies that promote building energy efficiency [14].

It has been argued that alongside other functionalities, EPCs should

also serve decision makers and energy planners at regional and national 
scales [15]. As a result, studies have approached EPC outcomes from an 
energy planning perspective [16–20], and underlined the necessity of 
better energy efficiency policies for the building sector [21,22]. 
Meanwhile, it has been reasoned that relying on the wrong indicators 
may lead to misconceptions on the actual status of the building stock 
[23] and result in suboptimal policies [24]. The literature outlines this 
issue by indicating that: the geometry of the building may have a too 
strong effect on the estimated energy need [25], the relation between 
the building geometry and the estimated energy consumption is non-
linear [26], and energy efficient renovation may render unrealistic as 
some pivotal information could be missing from the indicators [27]. For 
instance, a statistical analysis on the covariation between building 
properties and the energy use intensity has revealed that the thermal 
characteristics of walls can have a strong influence on the energy use 
intensity, while the correlation between window characteristics and the
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energy use intensity may be difficult to comprehend [28].
Studies have previously demonstrated the positive effects of optimal 

building energy retrofit on energy savings at municipal scales [29]. 
However, building energy retrofit planning at regional scales may face 
challenges due to the misconception of EPCs as the indicators often 
present the performance of the building by means of energy use in-
tensity [30]. Consequently, energy performance indicators may be 
biased toward geometric characteristics of buildings [31,32], and fail to 
render the actual potential of a building to undergo an energy retrofit. 
This issue is particularly important in the energy retrofit planning 
process, during which decision makers have to prioritize a number of 
buildings that merit financial assistance while handling subsets of 
multidimensional data [33]. The challenge of a ranking system dedi-
cated to retrofit potential is worth deepening since grants, tax deduc-
tions, loans and similar financial promotions have proved to be effec-
tive strategies for encouraging the public toward energy efficiency [34–
36]. Therefore, it is necessary to support energy planning with a reliable 
indicator that does not merely present the energy consumption of the 
building, but also maps the characteristics of one building compared to 
others. Moreover, a new classification of buildings’ fea-tures is 
inevitable since the conventional energy labels (classes of en-ergy) do 
not necessarily reflect the thermal characteristics of a build-ing’s 
envelope. To counter the bias of energy use intensity towards a unit’s 
geometry, studies have proposed the application of energy 
benchmarking [37]. Sun and Price introduced a classification strategy 
by resorting to prototype building characteristics as the basis of retrofit 
analysis [38]. This approach succeeds to rank buildings based on their 
retrofitbale characteristics and overcomes the bias towards geometry. 
However, a predefined database of reference buildings (similar to that of 
the USEDOE [39]) is an essential part of the framework, and may not be 
available for all EPC databases.

Clustering is a suitable alternative to the traditional frequency-based 
classification of buildings as it can return more robust subsets [40,41]. 
Building energy rating has been tackled by opting for various clustering 
techniques, namely, decision tree [42], fuzzy [43], k-means [44], as well 
as Gaussian, hierarchical and self-organizing maps [45]. While much 
progress has been achieved in obtaining better partitions between the 
subset clusters, there has been no attempts to tailor Ma-chine-Learning-
based ranking techniques with building energy retrofit in mind. Since an 
EPC has a high correlation with a unit’s floor area [46], it cannot explain 
whether a low energy performance is related to poor envelope 
characteristics, or due to high surface to volume (S/V) ratio. Such level 
of information is critical for decision making in a re-gional scale: 
according to the EU policies aimed at buildings’ energy consumption, 
the priority in energy efficiency is to initially prevent buildings from 
excessive energy use, and then promote the application of renewable 
energies [47]. Therefore, a building with suitable en-velope 
characteristics and a high S/V ratio should have higher priority to 
receive financial aid for installing renewable systems, compared to a

competitor who has worse envelope characteristics but stands higher in 
the energy efficiency rankings due to a lower S/V ratio. This issue is 
significantly important since there are other parameters similar to S/V 
which affect a building’s energy consumption, but cannot be subject to 
retrofit. This paper tends to overcome the described challenge by in-
troducing a novel framework for ranking buildings. This ranking system 
is based on a new indicator that is specifically designed to target ret-
rofitable building characteristics. Therefore, decision makers can easily 
distinguish buildings which have higher merit to undergo an energy 
retrofit. The proposed indicators can assist administrations in aiming 
policies at specific subsets of buildings. This is essential for assessing 
hypothetical funding policies, as well as creating trajectories of possible 
updates in the EPC database [48]. The original scientific contributions of 
this study include:

– Contrasting the ineffectiveness of the “Energy Performance index”
for ranking buildings according to retrofitable properties.

– Presenting a robust and replicable Machine-Learning-based pipeline
for extracting weighted nonlinear features from building char-
acteristics.

– Introducing the “Energy Retrofit index”; a new measure specifically
tailored to support the allocation of financial aids for boosting
building energy retrofit at regional scales.

The rest of the paper is structured in the following manner: Section
2 provides an overview on the machine learning techniques applied in 
the study i.e. Multi-Layer Perceptrons, nonlinear Principal Component 
Analysis and k-means clustering. Section 3 applies the framework to a 
dataset of building energy certificates extracted from the Lombardy 
region in Italy, and compares the results of the proposed method with 
available indexes and conventional clustering techniques. Section 4 
concludes the paper by summarizing the advantages of the proposed 
method when compared to its predecessors, as well as applications and 
possible expansions for future studies.

2. Methodology

The proposed framework resorts to three tools, which are adopted
from the field of machine learning i.e. neural networks, autoencoders
and k-means clustering. Based on the type of learning, the exploited
tools can be divided into two main categories of supervised (neural
networks) and unsupervised learning (autoencoders, k-means). The
supervised learning of the framework tends to find covariations be-
tween some input data and the targets. Unsupervised learning on the
other hand, seek structures and covariations in the input data itself. To
ensure that the study provides a clear description of the framework,
initially, each tool is briefly described.

Nomenclature

Abbreviations

EPBD Energy Performance of Buildings Directive
EPC Energy Performance Certificate
CENED Certificazione Energetica degli Edifici
KL Kullback-Leibler divergence
MAPE Mean Absolute Percentage of Error
MLP Multi-Layer Perceptron
MSE Mean Squared Error
MSEsparse Mean Squared Error of sparsity
PCA Principal Component Analysis
R2 Squared correlation coefficient

S/V Surface to Volume ratio
SoD Sum of Distances
SSE Sum Squared Error
tMLP truncated Multi-Layer Perceptron

Variables

EffG global efficiency of system [–]
EPi energy performance index [kW h/m2 y]
ERi energy retrofit index [–]
Ub average U-value of basement [W/m2 K]
Ue average U-value of walls [W/m2 K]
Ur average U-value of roof [W/m2 K]
Uw average U-value of windows [W/m2 K]
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where J W b( , ) is the prediction error, m is the number of samples,
h x( )W b, is the hypothetical weight and bias values, y is the target of the
network, λ is the is the weight decay coefficient and Ωw is the weight
regularization term. The weight regularization term can be defined as:
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where nl is the number of layers, sl is the number of units of layer l and w 
l( )  is the weight of the hidden unit at layer l. In this study we resort to the 
Levenberg-Marquardt algorithm for training the neural network. Since 
the algorithm uses the Jacobian matrix instead of the more 
computationally intensive Hessian matrix for calculating the MSE, it is 
much faster than most algorithms and comparably powerful for training 
vanilla neural networks [51]. The applicability of neural networks in 
estimating primary energy consumption of buildings for retrofit pur-
poses has been previously validated in [52].

2.2. Nonlinear principal component analysis (autoencoder)

Principal component analysis (PCA) is a statistical technique to 
describe correlated variation in a dataset through linear uncorrelated 
variables (i.e. principal components). The procedure is mainly used for 
dimensionality reduction or visualization purposes. PCA is particularly 
useful for analyzing high dimensional data, and therefore, has been 
adopted to cluster buildings based on their envelope energy efficiency 
[53]. Meanwhile, exploring only linear components can affect our un-
derstanding of the whole dataset, since it has been argued that the 
correlation between a building’s geometry and the calculated energy 
consumption is nonlinear [26]. Therefore, in this study we resort to 
nonlinear PCA by means of unsupervised learning, namely, auto asso-
ciative neural networks (autoencoders). The autoencoder is multi-layer 
perceptron, were the input and target data are identical [54]. The ob-
jective of an autoencoder is to identically recreate the input data by 
passing it through an encoder and reconstructing it by a decoder. Al-
though the process of reconstructing the input data seems pointless, it is 
observed that applying constraints on the network will force the neu-
rons’ weights to return a different representation of the original data 
[55]. Such approach has proved to outperform linear PCA in a wide 
range of AI applications [56].

An autoencoder is composed of two layers, namely, an encoder and a 
decoder (Fig. 2). The two layers may consist of similar or various 
number of neurons, based on the intended application. Similar to neural 
networks, autoencoders can benefit from backpropagation of error to 
fine-tune their weights. The iterative process of training an autoencoder 
can be terminated by defining one or more constraints on the training 
algorithm (i.e. maximum number of iterations, maximum training time, 
minimum performance and minimum gradient). The cost function of 
training an autoencoder can be defined based on the MSE and a reg-
ularization term as described in Eq. (1). However, the loss function of an 
autoencoder (MSEsparse) is based on the difference between the inputs 
and the reconstructed inputs. Also, an additional regularization

term is incorporated in the cost function. The cost function of the
MSEsparse can be presented as:
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where x is the input and x is its reconstructed output, λ is the weight 
decay coefficient of the second layer (L2) regularization, Ωw is the L2
regularization term, β is the penalty coefficient of sparsity regulariza-
tion, and Ωs is the sparsity regularization term. The weight decay reg-
ularization term is similar to the neural network regularizer as provided
in Eq. (2). The sparsity regularization term Ωs, is  defined as:
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where KL is the Kullback-Leibler divergence function that measures the
similarity of two distributions, while ρ and ρ̂ represent the desired and
actual average activation value of a hidden unit respectively. The
average output activation value of unit j can be presented as:
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where x is a training sample and aj
(2) is the activation of the hidden unit. 

In this study we opt the scaled conjugate gradient training algorithm, as 
it converges faster when compared to steepest gradient decent methods 
[57].

It is possible to stack nonlinear PCAs and train a multi-layer auto-
encoder commonly referred to as deep autoencoder. Deep autoencoders 
are usually trained through a greedy layer-wise training algorithm, 
were shallow autoencoders are trained one at a time and the outputs of 
one encoder is fed to the next autoencoder as inputs [58]. Stacking 
autoencoders to form a deep network is useful for extracting re-
presentations of noisy data, eventually resulting in a more robust set of 
features [59].

2.3. K-means clustering

K-means algorithm is a centroid based clustering technique, which 
can partition data into coherent subsets. The algorithm returns an index 
for each sample of the data, where the number of indexes (k) is pre-
defined before executing the algorithm. Since the k-means algorithm is 
NP-hard, it is possible to approximate the algorithm by using a heur-
istic. This careful seeding commonly known as k-means++ results in 
faster convergence to smaller intra-cluster SSE, when compared to 
standard k-means [60]. The cost function of k-means algorithm can be

Fig. 1. Illustration of a vanilla neural network with n input features, n′ hidden units, one
linear unit and one target.

2.1. Multi-layer perceptron (neural network)

A multi-layer perceptron is a feed forward neural network that maps 
approximations of target data by finding nonlinear dependencies among 
the inputs [49]. Neural networks are mostly composed of 3 layers, i.e. 
input layer, hidden layer, output layer, where each layer consist of one 
or more nodes. In this study, a simple back-propagated (vanilla) neural 
network refers to a three layer perceptron (Fig. 1) with two 
transformation layers, i.e. a hidden layer (consisting of nonlinear 
transfer functions) and an output layer (with a linear transfer function)
[50]. The cost function of a vanilla neural network can be presented as:
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where J ( ,c μ) is the sum squared distance between sample i denoted as
x (i), and the specific centroid μc i( )  that is assigned to that sample. 
Choosing the correct number of clusters may be difficult and time 
consuming, since the goodness of a cluster may be defined by various 
measures. In this study we evaluate the number of clusters by resorting 
to 4 measures, i.e. Calinski-Harabasz, Davies-Bouldin, Silhouette and 
Gap.

The Calinski-Harabasz criterion is a function of the overall inter-
cluster variance and the overall intra-cluster variance such that [61]:
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where k is the number of clusters, N is the number of samples, ni is the
number of samples in the cluster, mi is the cluster centroid, m is the
average of the cluster, x is a sample in the cluster, and ci is the ith

cluster. In this measure, larger values correspond to better partitions. 
The Davies-Bouldin criterion is also calculated by means of the inter-
cluster and the intra-cluster distances [62]:
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where n is the number of clusters, c is the cluster centroid, and σ is the 
average distance between all samples in a cluster and the cluster cen-
troid. The Davies-Bouldin measure returns smaller values for better 
partitioning. The Silhouette criterion measures the similarity of samples 
inside a cluster. For each sample the similarity value is defined as [63]:
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Fig. 2. Illustration of an autoencoder mapping n dimensional data (input
features) on n′ dimensions (L2 hidden units).

where ai is the average distances between sample i and other samples in 
the cluster, bi is the average of the smallest distances between sample i 
and samples in other clusters. In this criterion, high values correspond 
to better partitioning. The Gap statistic defines the optimal number of 
clusters where the gap value is maximized. The gap value is defined as 
[64]:

Fig. 3. An overview on the three stages of the framework.
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where n is the sample size, k is the number of clusters, and ∗En is ex-
pectation for a vector of size n sampled from a reference distribution,
and Wk is the pooled within cluster dispersion measure, defined as:
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where Cr denotes cluster r, nr is the number of samples in cluster r , and 
d ,i i′ is the squared Euclidean distance between samples i and i′.

2.4. Model description

The following model consists of 3 main stages i.e. preprocessing, 
fine-tuning and post-processing. Fig. 3 illustrates the outline of the 
model, as well as the sequence of activities. The first stage is composed 
of 3 steps, namely, filtering, denoising and sparsing the data. The 
second stage has two steps i.e. shallow fine-tuning and deep fine-tuning. 
The final stage is responsible for extracting the desired output from the 
model (labels or indexes) through clustering or sparsing.

2.4.1. Data preprocessing
The first step of the preprocessing stage is to clean the data from 

obvious defections. A thorough study on suitable filters for cleaning 
similar datasets has been performed in [17]. After clearing the data 
from defections, the dataset is divided into two sets i.e. inputs and 
targets. The input dataset is a matrix composed of building character-
istics that may be subject to retrofit, let it be properties of the envelope, 
systems or both. The target dataset is single array, containing the en-
ergy performance indicator of each building.

Since autoencoders are trained through unsupervised learning, the 
network only consists of inputs without any targets. Therefore, building 
characteristics (inputs) are fed into an autoencoder for denoising the 
data and extracting nonlinear principal components from the dataset 
(Table 1). The autoencoder is trained with the input data (m buildings 
and n features) and the desired number of hidden units (n′ nodes) in the 
L2 layer. Generally, it is a good idea to increase the dimensionality of 
the data before sparing the number of hidden units (i.e. ′n n= + ε). 
Such approach will force the autoencoder to learn over-complete 
hidden representations of the input data, eventually resulting in better 
feature extraction [55]. After the training is terminated based on the 
stopping criteria (e.g. maximum iterations, maximum time, minimum 
performance, etc.), inputs are fed into the encoding section of auto-
encoder, returning m buildings each consisting of n′ features. These new 
feature are representations of the building characteristics which are 
mapped onto other dimensions, and do not have a unit.

The denoised dataset extracted from the first encoder ( ∗m n′) is fed 
into the second autoencoder to reduce the dimensionality of the data to 
n″, where the size of the hidden units are equal or smaller than the size 
of the original inputs (i.e. ⩾n n″). After the second autoencoder is 
trained, sparsed features are extracted from the second encoder, re-
sulting in a dataset of ∗m n″ dimensions.

2.4.2. Fine-tuning
The sparsed data derived from the second autoencoder are used as 

inputs for a vanilla neural network consisting of a hidden layer with n‴
units ( ‴ ⩾n n″) and a linear layer with a single node (shallow fine-
tuning). The target of this network is the EPi value, which represents 
building energy consumption by means of kWh/m2.y. Commonly, the 
training process of the neural network is terminated by exceeding the 
number of validation checks, indicating that the network is starting to 
overfit onto the training data. At this stage, both encoders and the 
neural network are stacked on top of each other, creating a four layer 
perceptron (Fig. 4). This process enables the errors to be back-
propagated all the way to the hidden units of the 1st encoder, even-
tually fine-tuning the weights of the whole MLP altogether (deep fine-

tuning). During this process, the outputs from the second encoder are 
weighted based on the magnitude of correlation they have with the EPi 
values (targets). After the training is complete, the linear layer (L5) of  
the MLP is removed from the network, connecting the output node 
directly to the last hidden layer (L4). As a result, the network will 
produce a vector of n‴ features for every building ( ∗m n‴ matrix).

2.4.3. Data post-processing
Since the output of the MLP is a n‴-dimensional vector, it cannot be 

easily perceived. However, it is possible to either extract an explicit 
index from the multi-dimensional dataset, or label the samples by 
clustering them into a number of subsets.

To derive a processable index from the outputs, we resort to an 
autoencoder, by sparsing the n‴ features into one hidden unit at the L2 

layer (Fig. 2). After training is complete, the encoder produces a single 
value for each sample, namely the ERi index.

To label the samples by clustering, the n‴-dimensional dataset ex-
tracted from the MLP is fed into a k-means clustering tool. The optimum 
number of subsets is obtained by evaluating the performance of four 
clustering algorithms described in Section 2.3. Since different evalua-tion 
measures of the algorithms consist of dissimilar scales, the mea-sures are 
mean and range normalized. It is important to note that contrary to the 
other three criterions, smaller values in the Davies-Bouldin criterion 
correspond to better clusters. Therefore, the evalua-tions from the 
Davies-Bouldin criterion are inverted before processing. The output of 
the clustering dubbed the energy retrofit label assigns each building with 
a group using Latin numerals.

3. Numerical case study

3.1. CENED database

Studies have classified building energy benchmarking procedures 
based on the calculation engine (i.e. whitebox, greybox or blackbox)[65] 
as well as the data collection methodology (i.e. simulation, mea-sured, 
hybrid) [66]. In this section, we numerically evaluate the pro-posed 
blackbox framework by means of simulated EPCs that are col-lected by 
the Lombardy Region in northern Italy [67,68]. The energy certificates 
are issued through the Certificazione Energetica degli Edi-fici (CENED) 
tool, using a quasi-steady-state approximation of the en-ergy 
consumption [69,70]. Certificates are issued upon the request of a 
property owner, whereas the energy audit can be only performed by a 
certified energy assessor. Effective since 2006, CENED was the first 
implementation of the EPBD into the Italian context while containing 
over a million certificates by 2016. An energy label (ranging from A+ 
to G) is assigned to each property based on the primary energy index 
(EPi). Since heating energy need is dominant in the Lombardy Region, 
the EPi value is set to approximate the annual heating energy con-
sumption. A recent update on the CENED software does provide a more 
complete approximation of the energy consumption by including 
cooling, lighting and domestic hot water energy consumption in the 
evaluate EPi value. However, more than 90% of the issued energy 
certificates are according to the old calculation procedure and will re-
main valid till 2020. Therefore, it is necessary to extract as much in-
formation as possible from the existing database, specifically,

Table 1
Building characteristics subject to retrofit and the filters applied for removing defected 
samples.

Variable Property Unit Filter

Ue Thermal conductivity W/m2 K 0.1 < value < 5.0
Ur W/m2 K 0.1 < value < 4.0
Ub W/m2 K 0.1 < value < 4.0
Uw W/m2 K 0.3 < value < 6.0
EffG efficiency – 0.5 < value < 0.95



assumptions which can support decision making in a regional scale. The
EPi is calculated based on building characteristic and climatic data,
where building characteristics include: destination of use, geometry,
dispersant surfaces and their properties, as well as the age and thermal
mass of the structure. Similar to other energy certification tools,
CENED’s estimation of the EPi is highly correlated to geometric char-
acteristics of the building. Although this attitude is realistic when
considering the annual heating consumption, it does not provide much
information from an energy retrofit point of view. The energy label
assigned to each building also suffers from the same issue, where ob-
taining a good energy class does not necessarily imply high perfor-
mance envelope properties, and vice versa. The current study will focus
on the energy certificates issued for office buildings in the Lombardy
Region. It is important to note that the case study will only focus on
certificates issued for whole buildings, as single office units are less
likely to undergo a thorough energy retrofit.

3.2. Implementing the framework

The dataset extracted from the Lombardy Region database is

composed of several building characteristics (e.g. period of construc-
tion, opaque area, glazed surface, occupied floor area and etc). 
However, only a handful of the building properties may be subject to an 
energy retrofit (Table 1). In this study we consider the thermal con-
ductivity of the envelope and the efficiency of the heating system as 
modifiable elements. Therefore, the input dataset is comprised of 5 
features, i.e. U-value of walls, U-value of windows, U-value of roof, U-
value of basement, and the global efficiency of the heating system.

Before feeding the data into the model, a series of filters are applied 
to the dataset (Table 1). This process ensures a more reliable and po-
lished input data consisting of 4767 buildings. Moreover, the input 
dataset is mean and range normalized before implementing into the 
model. Such preprocessing will result in more refined cost functions, and 
therefore a smoother gradient decent. All calculations including 
supervised and unsupervised trainings were carried out within the 
MATLAB® environment version R2016b. The sequence of steps for 
implementing the framework is described through an enumerated list 
(Fig. 5), and the properties of each step’s tool is provided in Table 2. The 
process of optimizing the hyper-parameters of the networks (either 
autoencoders or neural networks) was carried out through a trial and

Fig. 4. Illustration of a deep MLP by stacking autoencoders and a vanilla neural network. The network is composed of n input features, n′ units for denoising, n″ units for sparsing, ‴n
logistic units, one linear unit and one target.

Fig. 5. MATLAB® script utilized in the case 
study (VERSION R2016B). Detailed proper-
ties of the steps are provided in Table 2.



error exhaustive search.
In the preprocessing step, input data is fed into two autoencoders for 

denoising and sparsing purposes respectively. Both autoencoders use the 
same cost function (Eq. (3)) for calculating the reconstruction error, yet 
consist of different hidden units according to their objective. Recall
that the number of hidden units (denoted

′
L2

n in Fig. 2) defines the
dimensionality of the encoder, and therefore the size of the output. The

′denoising autoencoder is assigned with more hidden units (L2
n ) than 

the number of input features (Fn), so that the network can learn over-
complete representations of the input data. On the other hand, the 
sparse autoencoder has an inverse functionality, namely, to reduce the 
dimensionality of the data by using less hidden units. Consequently, the 
hidden layer of the sparse autoencoder works as a bottleneck that 
squashes the features learnt by the denoising autoencoder, into a 
smaller dimension. Although both autoencoders generally display 
better performances with more hidden units, their performance merely 
improves after the number of hidden units are saturated. The perfor-
mance of the first (denoising) autoencoder with 5 inputs flattens after 8 
hidden units with a reconstruction MSE of 7.15 e−04. The second 
(sparse) autoencoder with 8 inputs reaches performance saturation at 5 
hidden units while returning a reconstruction MSE of 7.66 e−06. The 
outcomes of the preprocessing stage are two encoders (denoiser and 
sparser) that are responsible for changing the dimensionality of the 
input features from 5 to 8, and then from 8 to 5, respectively. In other 
words, the objective of unsupervised learning through autoencoders is 
to extract hidden representations from the input features while mini-
mizing the reconstruction error, implying that the learnt representa-
tions contain nearly as much information as the actual building char-
acteristics, yet are presented in a more polished and refined manner. At 
this stage, the refined features are ready to be fed into the perceptron 
for weight assignment and fine-tuning.

The weight assignment stage is composed of two steps, i.e. shallow 
fine-tuning with a single hidden layer perceptron, and deep fine-tuning 
with a MLP. Shallow fine-tuning is performed by means of a vanilla 
neural network (Fig. 1), where inputs (Fn) are the refined features 
encoded from the preprocessing stage through autoencoders. The cost 
function of the vanilla neural network is to reduce the error between 
the targets and the hypothetical estimations (Eq. (1)) by assigning
weights to the hidden units (

′L n
2 ). The target of this network (T ) is the

EPi value obtained from the energy certificate tool. Since overfitting is 
observed with excessive hidden units, the number of neurons is set to 
10 through a trial and error exhaustive search. The process of training 
the network is repeated 50 times to ensure optimal initialization of 
weights. The shallow fine-tuning process reaches its peak performance 
at a MSE of 477.32 (R2 = 0.38).

At this stage, three pre-trained models are available: (1) denoising 
autoencoder, (2) sparse autoencoder and (3) single layer neural net-
work; nevertheless, each model has been trained separately. Stacking 
the three models will create a multi-layer network where each layer is 
responsible for a specific processing task, and the error is back-
propagated continuously through all layers (Fig. 4). Therefore, training

the stacked MLP fine-tunes the three pre-trained models altogether
(deep fine-tuning), eventually reducing the overall error of the model.
The MLP is in fact a network composed of the previously pretrianed
layers, i.e. the denoising autoencoder with a hidden size (

′L n
2 ) of 8, the

sparse autoencoder with a hidden size
″L n

3 of 5, and the vanilla neural
network with a hidden size (L4

n‴) of 10. Similar to the vanilla neural 
network, the cost function of the MLP is to reduce the error between 
targets and the hypothetical estimation (Eq. (1)). Since the MLP is a 
pipeline of all pretrained models, the input of the MLP (F F1 2, ,…,F5) is  
the exact same input fed into the denoising autoencoder (building 
characteristics), while the target (T) is the same target assigned to the 
vanilla neural network (EPi). The MLP displays similar performances in 
all repetitions of the training process, with the best trial returning a 
MSE of 414.08. The reported error (MAPE ∼ 23) may not be appealing 
for prediction purposes. However, it is important to note that the ob-
jective of the pipeline is not training the perfect predictor, but rather, 
maximizing the models capability to explore nonlinear correlations 
between inputs and the target. The latter objective is in fact fulfilled as 
a reasonable correlation coefficient (R2 = 0.42) between outputs and 
targets is obtained.

It is also important to ensure that the trained MLP is well general-
ized and not overfitted onto the training dataset. Therefore, the ob-
tained MSE from the training set and the cross-validation set was 
continuously monitored, using early stopping to prevent the MLP from 
overfitting. The training process was terminated when the error of the 
cross validation set increased for 10 consecutive iterations. Perceiving a 
MSE of 413.72 from the training set and a MSE of 414.08 from the 
cross-validation implies a good generalization over the entire dataset. 
To extract weighted features from the model, it is necessary to dis-
connect the final layer (L5) from the entire model and rewire the logistic 
layer (L4) directly to the output node. Applying such modification to the 
network is essential for preventing the linear layer from multiplying 
weighted features into a single vector. This truncated version of the 
MLP (tMLP) preserves the weights and biases of the trained network, 
and therefore, performs the same denoising, sparsing and weighting 
tasks on the inputs. However, the output of the tMLP is not a one-di-
mensional approximation of the EPi, but rather a 10-dimensional re-
presentation of inputs that are weighted accordingly. In other words, 
the tMLP encodes a vector of 10 values (one obtained from each hidden 
logistic unit), as the output for every building.

Since conceiving a multi-dimensional output can be challenging, 
two post-processing techniques are used to facilitate the decision 
making process, i.e. dimensionality reduction and clustering. To reduce 
the multi-dimensional output into a single-dimensional vector, once 
again we resort to a sparse autoencoder. Similar to the previous im-
plementations, the cost function of this sparse autoencoder is to reduce 
the reconstruction error of the input data (Eq. (3)). Since a single-di-
mensional output is intended for each building, only one hidden unit is 
assumed for the autoencoder. The process of sparsing a 10-dimensional 
output into a single dimension returned a small reconstruction MSE of 
3.75 e−04, indicating trivial information loss. The output of the

Input Target Output Task

Autoencoder I Building characteristics – – Unsupervised training
Encoder I Building characteristics Denoised features Encoding
Autoencoder II Denoised features – – Unsupervised training
Encoder II Denoised features – Sparsed features Encoding
vanilla Neural Network Sparsed features Energy Performance index – Supervised training
Multi-Layer Perceptron Building characteristics Energy Performance index – Supervised training
truncated Multi-Layer Perceptron Building characteristics – Weighted features Encoding
Autoencoder III Weighted features – – Unsupervised training
Encoder III weighted features – Energy Retrofit index Encoding
k-means Weighted features – Energy Retrofit label Unsupervised training

Table 2
Models and their inputs, targets, and outputs at each step of the pipeline.



characteristics. Take for example sample 129 with a window U-value of 
4.51 W/m2 K (Table 3). Since the EPC is highly dependent on geometry 
characteristics, the poor thermal conductivity of the window is not 
reflected in the EPi assigned to the building. Consequently, it is im-
possible to differentiate samples with poor characteristics, solely based 
on the EPi value.

The ERi measure on the other hand, succeeds to capture such poor 
performances in the building characteristics as displayed in Fig. 8. Recall 
that sample 129 suffers from a poor thermal conductivity in the window 
component. The ERi value assigned to sample 129 is con-siderably lower 
than the average ERi allocated to samples with high performance 
windows (Table 3). Consequently, it can be argued that the ERi measure 
is self-sufficient for ranking buildings based on char-acteristics that are 
subject to retrofit. This is also evident as the ERi index displays high 
correlation with the EPi index as well as the building characteristics 
(Table 4). The only exception is the correlation between the EPi and the 
EffG. However, it can be argued that the ob-served low correlation 
between ERi and EffG is a result of CENED’s calculation procedure, as a 
similar coefficient of covariation is per-ceived between the EPi and EffG 

Table 5.
Observing a high correlation between the ERi and envelope char-

acteristics is the result of data preprocessing where nonlinear principal 
components are extracted from the inputs. To highlight the effective-
ness of the unsupervised preprocessing stage, a comparison between the 
outputs of two neural networks with different architectures is provided. 
The first network is a vanilla neural network with a single logistic layer 
and no preprocessing. The second network is the tMLP with two pre-
processing stages and one logistic layer. Since the input data of the 
vanilla neural network is not resilient to noisy data, the outputs display 
higher dispersion when compared to the ERi. This is also evident from 
the highly skewed distribution of outputs obtained from the vanilla 
neural network. Moreover the outputs of the vanilla neural network 
display smaller covariation (R2 = 0.12) with the EPi values, when 
compared to that of the sparsed tMLP (R2 = 0.42) as demonstrated in 
Fig. 9.

3.3.2. Energy retrofit label
Similar to the ERi measure, the Energy Retrofit label should also 

display reasonable correlation with building characteristics. This is in 
fact the main advantage of the Energy Retrofit labels, over the tradi-
tional EPC energy classes. To contrast the effectiveness of the frame-
work in capturing nonlinear covariations, a comparison between the 
conventional EPC classes and the proposed Energy Retrofit labels is 
provided (Fig. 11). Each building is represented by the 1st and 2nd

Fig. 6. Optimizing the number of clusters (5–15) according
to 4 criterions. *The criterions are mean and range normil-
zied, **The Davies-Bouldin criterion is inverted to facilitate
the comparison.

autoencoder dubbed the Energy Retrofit index (ERi) assigns a single 
value to each sample ranging from zero to one. An ERi value close to one 
designates high performance building characteristics, while a low ERi 
value indicates merit for energy retrofit. An alternative to di-
mensionality reduction through autoencoders is assigning Energy Ret-
rofit labels by means of clustering (Eq. (6)). The multi-dimensional 
outputs of the tMLP is fed to a k-means clustering algorithm. The op-
timum number of clusters is determined by performing a step by step 
search from 5 to 15 centroids. Since k-means algorithm is randomly 
initialized, the clustering process was repeated 100 times to ensure that 
the smallest SoD is achieved. The goodness of the clusters were eval-
uated by four criterions (Eqs. (7)–(10)), which are mean and range 
normalized. Fig. 6 displays the goodness of various clusters and their 
respective performance according to each criterion. The optimum 
number of clusters was set to 9, while observing that any choice be-
tween 7 and 10 centroids would return similar performances.

3.3. Results and validation

3.3.1. Energy retrofit index
The ERi should simultaneously comply with two objectives: (1) 

demonstrate a correlation with the EPi and (2) rank buildings based on 
retrofitable characteristics.

To contrast the capabilities of the new index, a comparison between 
the ERi and EPi measures is provided. Fig. 7 represents each building by 
means of two values, i.e. the EPi (plotted by a blue dot), and the ERi 
(plotted with a red square). To facilitate the comparison, samples are 
sorted from small to large based on the EPi measure. Although the 
polynomial trendline fitted over the ERi scatter highlights the correla-
tion between the two indicators, the ERi is not an exact inverse replica of 
the EPi. This is evident as some buildings return low values at both EPi 
and ERi measures. These buildings here dubbed “outlier samples”, 
simultaneously display high energy performance and poor character-
istics in the envelope or the heating system. The outliers have at least 
one property which is notably different from that of similar buildings 
with comparable EPi. Table 3 provides an in-depth view into the 
properties of 10 outlier buildings highlighted with cross-shaped marks in 
Fig. 8.

As mentioned before, the EPi is a function of both retrofitable (e.g. 
envelope) and non-retrofitable (e.g. S/V ratio) building characteristics. 
Consequently, although a low EPi indicates low energy use intensity, it 
does not necessarily point to high performance envelope properties. This 
is evident as the existing certification tool (EPi measure) may assign low 
energy use intensity labels to buildings with poor



Fig. 7. Comparison of EPi and ERi indexes. To facilitate the comparison,
samples are sorted from small to large based on the EPi measure.

Table 3
Properties of tools used in the casestudy. For a detailed description of the steps refer to Fig. 5.

Step Tool Input size Target size Network layout Output size Objective Error

1 AE1 [4767,5] – {5,8,5,5} – Training 7.15E−04 MSEsparse
2 AE1 [4767,5] – {5,8} [4767,8] Encoding
3 AE2 [4767,8] – {8,5,8,8} – Training 7.66E−06 MSEsparse
4 AE2 [4767,8] – {8,5} [4767,5] Encoding
5 NN [4767,5] [4767,1] {5,10,1} – Training 477.32 MSE
6 MLP [4767,5] [4767,1] {5,8,5,10,1} – Training 414.08 MSE
7 tMLP [4767,5] – {5,8,5,10} [4767,10] Encoding
8 AE3 [4767,10] – {10,1,10,10} Training 3.75E−04 MSEsparse
9 AE3 [4767,10] – {10,1} [4767,1] Encoding
10 k-means [4767,10] – – [4767,1] Training 42.1271 SoD

Fig. 8. Illustration of 10 outliers from the first 1000 samples. Additional 
information on the performance of ERi outliers is provided in Table 3.

Table 4
The covariation between building characteristics, EPi and ERi measures. Values within the white background display the coefficient of covariation (R2). Values inside the shaded cells
refer to the SSE of residuals.

Ue Ur Ub Uw E G EPi ERi
Ue - 1720 931.9 4178 28.03 3.07E+06 26.32
Ur 0.1326 - 967.3 4300 28.02 3.41E+06 37.97
Ub 0.1745 0.1432 - 4135 27.9 3.51E+06 36.74
Uw 0.095 0.0686 0.1044 - 27.79 3.78E+06 25.27
E G 0.0001 0.0005 0.0048 0.0088 - 4.24E+06 51.18
EPi 0.3007 0.2232 0.2001 0.1384 0.034 - 31.46
ERi 0.5182 0.305 0.3275 0.5375 0.0632 0.4242 - 



principal components of the input data, while the energy labels are
differentiated through colors. It is observed that EPC class G covers the
entire length of the 1st principal component, implying a small corre-
lation between the principal components and the EPC classes. On the
contrary, the Energy Retrofit labels gradually changes alongside both
axes, indicating a high correlation between the principal components
and the Energy Retrofit labels. This issue can be further stressed by
comparing the two labelling approaches based on the thermal con-
ductivity of building components. It is observed that the EPC class G
covers the entire range of both axes, implying that there is no specific
correlation between the thermal conductivity of the walls and windows
with the EPC label. This clearly underlines the inapplicability of EPCs in
classifying buildings based on retrofitable characteristics. On the other
hand, each Energy Retrofit label only covers a limited range on both
axes, implying a strong correlation between the introduced labels and
the thermal conductivity of walls and windows.

The Energy Retrofit labels should also demonstrate a covariation with
the EPi, as components with larger contribution in the energy

consumption should consist of higher weights. Therefore, comparing the
range of EPi in both labelling approaches is necessary (Fig. 12). The
comparison indicates that the EPC classes do not have any overlap re-
garding the EPi values in each class, yet, different Energy Retrofit labels
may share similar EPi values. Nevertheless, the sequence of Energy Ret-
rofit labels (I to IX) increases based to the magnitude of the EPi values. In
other words, higher EPi values are generally assigned with inferior Energy
Retrofit labels. Therefore, it is safe to assume that there is a strong cor-
relation between the EPi measure and the proposed Energy Retrofit labels.

It is important to note that the clusters provided by k-means algo-
rithm can be merged according to the objective of the decision makers.
For instance, buildings contained in label XIII and IX may be merged in
order to create a larger group, which has the highest priority to undergo
an energy retrofit. Moreover, each number of clusters may be fit for a
specific application. Therefore, the desired number of clusters for
prioritizing buildings which merit financial aid for installing renewable
sources may be different from the intended number of groups to
prioritize loans for energy retrofit.

Table 5
Properties of ERi outliers. The numbers in bold are the outliers highlighted with a cross in Fig. 8. The numbers in italic are the samples close to the outlier in Fig. 8.

U-value wall U-value roof U-value ground floor U-value window Global thermal efficiency EPi ERi

Sample 129 1.36 0.79 1.55 4.51 0.74 21.99 0.52
Average of 119–139 0.57 0.48 0.61 2.15 0.82 22.02 0.77
sample 225 3.02 1.5 1.5 3.79 0.75 26.21 0.46
Average of 215–235 0.59 0.53 0.81 2.22 0.76 26.25 0.75
Sample 275 1.53 1.43 1.25 5.66 0.69 27.94 0.4
Average of 265–285 0.57 0.76 0.81 2.85 0.77 27.86 0.7
Sample 298 1.78 1.7 1.65 3.78 0.71 28.58 0.44
Average of 288–308 0.58 0.62 0.74 2.89 0.78 28.56 0.7
Sample 326 1.05 1.7 1.45 5.6 0.76 29.38 0.5
Average of 316–336 0.57 0.57 0.85 3.16 0.78 29.35 0.7
Sample 441 1.54 1.8 1.3 5.66 0.8 32.26 0.43
Average of 431–451 0.77 0.67 1.01 3.09 0.77 32.3 0.67
Sample 596 0.92 3.61 1.58 5.21 0.71 35.96 0.43
Average of 586–606 0.82 0.57 1.06 3.29 0.74 35.94 0.67
Sample 792 2.05 1.5 1.65 5.66 0.84 39.95 0.37
Average of 782–802 0.7 0.97 1.03 3.28 0.74 39.98 0.65
Sample 839 2.05 1.5 1.65 5.66 0.85 40.79 0.37
Average of 829–849 0.96 0.93 1 3.02 0.77 40.76 0.63

Fig. 9. The correlation of EPi values with: (1) ERi measure and (2) out-
puts of a vanilla neural network.



3.3.3. Application in decision support
As mentioned earlier, the energy class provided by the EPC is based 

on the EPi index, and therefore, underestimates the share of building 
components from an energy retrofit perspective. On the other hand, the 
Energy Retrofit label groups buildings based on their retrofitable 
characteristics. Consequently, one cannot assure that every building in 
EPC class G has poor characteristics, and vice versa. However, it is 
possible to guarantee poor envelope properties or heating systems, by 
resorting to lower Energy Retrofit labels i.e. VIII and IX. Fig. 13 displays 
a comparison between the quantities of buildings that each labelling 
strategy shares, as well as the propagation of the certificates from 
CENED energy classes into the proposed Energy Retrofit labels. It is 
observed that buildings from EPC classes “C” to “G” are distributed over 
the whole 9 categories of the Energy Retrofit labels. Therefore, a 
building previously categorized in a low energy performance group 
according to the EPC classification may in fact consist of a high per-
formance envelope and heating system.

Let us assume that the administration of Lombardy region in Italy 
tends to provide financial assistance for incorporating one megawatts of 
photovoltaic panels in office buildings. At this point, a decision maker 
has to cherry pick a number of buildings that merit the financial aid. To

avoid energy waste, priority is given to buildings which already consist 
of high performance envelope and systems. Therefore, one may assume 
that lower EPi values is consistent with better envelope properties. 
Assuming that each building can handle a 10 kilowatt photovoltaic 
plant, the first 100 buildings with the smallest EPi values are selected. 
The properties of the selected buildings is displayed in Table 6. This 
selection contains buildings with a wall U-value of 1.5 W/m2 K, and a 
window U-value of 3.82 W/m2 K. Meanwhile, by resorting to the ERi 
criteria, another group of 100 buildings can be selected, in which the 
maximum thermal conductivity of the walls and windows do not exceed 
1.0 W/m2 K and 2.2 W/m2 K respectively. A deeper study into Table 6 
reveals that the group of buildings selected according to the EPi have 
higher medians and larger variances in all building characteristics. 
Therefore, not only the average performance of the selected buildings 
are lower when one uses the EPi criteria, but also buildings belonging to 
a completely different class due to poor characteristics may be short-
listed as a suitable nominee.

The application of the ERi is not only limited to after the policy 
making process, as allocating the right amount of financial aid at each 
step of the planning process may be challenging. Therefore, policy 
makers can resort to the ERi for selecting the right financial aid for each

Fig. 10. Heat map of EPC classes (left) and energy retrofit labels (right) on first two principal components of building characteristics.

Fig. 11. Heat map of EPC classes (left) and energy retrofit labels (right) on thermal conductivity of walls and windows.



building, then create trajectories of the possible updates in the building
stock according to the planned policies, and eventually fine-tune the
policies in order to meet energy efficiency goals.

4. Conclusion

In this study a new framework was introduced to support decisions
related to in situ conditions of building characteristics. The study opted
for two main machine learning approaches, namely, supervised
learning and unsupervised learning. Unsupervised learning was used
for preprocessing the data with the objective of either denoising,

sparsing or clustering. Supervised learning was used for assigning
weights to building characteristics, based on the magnitude of their
contribution in the energy consumption. The introduced framework
facilitates the process of ranking buildings based on energy use in-
tensity and retrofitable characteristics through two labelling ap-
proaches. The ERi was presented as a new indicator which assigns
higher values to buildings with better performances. An energy retrofit
label was also introduced to cluster buildings in a predefined number of
partitions.

The framework was validated through a case study of 4767 office
buildings, registered in the EPC database of Lombardy region in Italy.

Fig. 12. The cumulative distribution of EPi values in EPC classes (left) and energy retrofit labels (right).

Fig. 13. A Sankey diagram mapping the flow of buildings
from EPC classes (left) to energy retrofit labels (right).



Thermal conductivity of envelope components and the global efficiency
of the heating systems were considered as characteristics that can be
subject to energy retrofit. A comparative study between the EPi and ERi
measures displayed that the EPi is prone to ignore poor envelope
characteristics, as the indicator is highly biased towards geometric
characteristics. Also, it was showed that the newly introduced ERi index
was able to correctly rank buildings based on the intended criteria. This
was evident from the overall correlation of the energy retrofit indicator
and the primary energy index, as well as the capacity to single out
buildings with poor characteristics. It was highlighted that since the
traditional energy classification labels can be insensitive to the building
characteristics, the EPC indicators may render unsuitable for supporting
decision making strategies aimed at large scale retrofits.

Since the objective of the study was to support decisions aimed at
regional scales, the economical feature of energy retrofit was not in-
cluded in the ERi measure. This is due to the fact that the financial
aspect of building energy retrofit is highly reliant on each owners’
perception of long term investment. However, the ERi can be merged
with the probability theory (e.g. Bayes’ theorem) to create trajectories
of possible retrofit scenarios, and roughly include the economical as-
pect into the framework. The proposed framework can be further va-
lidated with other EPC databases, as different regions/countries resort
to diverse methodologies for ranking building energy performance.
Considering that the process of ranking buildings becomes more diffi-
cult when dealing with high-dimensional data, a possible extension to
the current study would be to reconfigure the introduced labels for
covering cooling, lighting and domestic hot water energy consumption.
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EPi ERi

5th percentile Median 95th
percentile

5th percentile Median 95th
percentile

Ue 0.19 0.34 1.07 0.19 0.33 0.68
Ur 0.19 0.32 0.92 0.16 0.28 0.43
Ub 0.21 0.45 1.52 0.20 0.39 1.44
Uw 1.33 1.95 3.47 1.12 1.61 1.91
EffG 0.70 0.82 0.92 0.70 0.84 0.94

Table 6
Distributions of building properties for 100 shortlisted samples. A comparison on decision 
making based on EPi and ERi measures.
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