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Abstract

Increase energy efficiency in the residential sector has become a priority for the European
Countries. The built environment sector is becoming the leading consumer of energy in the
world, accounting for 40% of global energy use and one third of overall greenhouse gas emis-
sions [2]. Within the built environment, in 2015, residential energy consumption amounted to
around 25.4% of total final energy use in the European Union [3]

In summary, it is clear that an immense energy efficiency potential lies in buildings and it
is mainly untapped. Nowadays, dynamic measured data coming from consumption smart me-
tering or in-situ monitoring systems provides valuable information to characterize the energy
performance of buildings and the behaviour of the occupants. For this reason, the data anal-
ysis with this kind of data plays a key role in the energy performance assessment of dwellings
and offers opportunities for new applications.

The data analysis is one of the main objectives of the ELISE Energy and Location Pilot
project, which involves a series of cities and regions to demonstrate how an integrated data
approach can be established for planning, implementing, monitoring and reporting for policies
and initiatives. The pilot will be implemented and tested through a series of use cases:

Use Case 1 INSPIRE harmonisation of existing energy performance certificate datasets

Use Case 2 Comparative analysis of different methodologies and datasets for Energy Per-
formance Labelling of buildings

Use Case 3 Assessing the Energy Performance of buildings with dynamic measured data

Use Case 4 Supporting Energy Efficiency driven renovation planning of the building stock
at local level

Use Case 5 Supporting integrated energy planning and monitoring at urban/local level

Use Case 6 Supporting the design and implementation of a regional energy strategy

This report is focused on activities in the framework of Use Case 3. In particular, a method-
ology to support decision-making processes for refurbishment, renovation and management of
buildings is developed. This methodology has the potential to be scaled up to district levels
and beyond, in order to provide information to municipalities, regional or national governments
about their building stock performance.
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1 Introduction

Several approaches can be applied to assess the energy performance of a building, each of
them having different requirements on input data and different methodological complexity,
determining different levels of accuracy of the results obtained. As explained in [6], there are
six approaches to assess building energy performance, classified into three categories named
’Holistic’, ’Measured data’ and ’Calculation’.

1. In the ’Holistic’ category, the building energy performance is often assessed by means of
a comparison with reference buildings for which a performance assessment is available.
The reference buildings are based on building administrative data similarity, such as year
of construction and/or renovation, type of building, size (surface area or floor area), geo-
location. In this category, reference climate data could be used.

2. The ’Measured data’ category uses real measured time series from the building to obtain
the building energy characterization by statistical analysis of this data. In this category
real climate data is used.

3. The ’Calculated’ category consists in simplified or detailed simulations of building en-
ergy models based on building characteristics, reference or real climate data and real
consumption data to calibrate those simulations.

This technical report describes a methodology to assess the building energy performance based
on different measured data scenarios from dwellings. The methodology falls into the Measured
data category and it is shown how this method could be used to scale up the analysis at
districts level and beyond. In particular, the methodology developed in this report allows
to assess the energy performance of dwellings by determining the climate dependent share of
energy consumption and by inferring physical characteristics of the building (Envelope UA
value, solar gains effect and air infiltrations).

Two different applications of the methodology are presented. The first case scenario is an
end-terraced house for which an in-situ monitoring system gathering lots of information such
as high frequency gas, electricity and water consumption, indoor temperatures and weather
data is available. The methodology allows to identify the gas consumption using a filtering
based technique, and it uses an ARX model to estimate the heat transfer coefficient of the en-
velope and the solar heat gains of the building. Unfortunately, the analytics technique for this
scenario requires extensive measured data often gathered with expensive monitoring systems
which may hinder the massive application of the methodology.

That is the reason for the consideration of a second case scenario, which applies multiple
data mining techniques to electricity smart metering devices which has much more potential
to be applied massively in terms of cost and feasibility.

This is due to the fact that the intelligent meter infrastructure available at European level
already offers high frequency time series. These data can thus be combined with location-
related information, such as weather, administrative, social or economic data to assess the
energy performance of buildings. Since advanced metering time series are normally available
in an aggregated way, methodologies like the one presented in this report have to be applied to
split the energy between climate dependent and end-user consumption. Afterwards, coefficients
which characterize the energy performance of the dwelling are estimated. The main difference
between the cases is that lower accuracy is achieved with the electricity smart-metered case
scenario due to the characteristics of the input data.

In section 2, this technical report presents the state of the art of existing methodologies
to split electricity and thermal consumption, the two most important energy sources in house-
holds, and the principal modelling techniques used for characterizing the energy performance
in buildings. Then, section 3 presents the case scenarios studied in section 4, where two
methodologies to estimate the energy footprint of dwellings are presented. Subsequently, on
section 5, an application of the estimated energy footprints is presented, with the aim to
scale-up the EPB assessment at district level and beyond. Finally, the main conclusions and
the envisaged future works are recapitulated in section 6.
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2 State of the art of methodologies for building energy

characterization with dynamic measured data

The algorithms most commonly used in data mining for the purpose of characterizing house-
hold energy consumption are prediction models. The two main classes are black box models
and grey box models.
The class of predictive models that are difficult to interpret in terms of the drivers of energy
use can be labelled as black box models. Their unique objective is prediction accuracy, and
the mechanism responsible for their predictions contains little information about the system
being modelled. Thus, these techniques, which includes neural networks, are only suitable for
prediction models designed for forecasting purposes. The coefficients of the models lack of
physical significance.
Models based on both insight into the system and experimental data are called grey box
models. The parameter fit of these models yields meaningful physical information about the
systems. Those whose primary purpose is to deliver meaningful parameter fits are called in-
verse models because they work backward from observations to reconstruct system parameters.
They are useful to recover and provide semi-physical information from residential smart meter
data. Grey box models can also be built based on physical heat transfer equations, similar to
those used to model the dynamics of RC electrical circuits.
Other data mining techniques useful to infer hidden information from consumption time series
would be clustering and deep learning algorithms.

2.1 Electricity consumption

Electricity is used for a wide-range of applications in households, such as domestic appli-
ances, lighting, Space Heating (SH), Space Cooling (SC) or Domestic Hot Water (DHW). The
described methods are useful to breakdown the electricity usage and/or to characterize the
energy performance of buildings with different levels of accuracy. Data requirements will be
described for each of the methods.

2.1.1 Linear steady state models

This technique determines the linear relationship between the consumption data and climate
during a defined period. Nowadays, these low fine-grained models are already used in order
to make a first estimation of weather dependence in consumption. [7] uses linear regression
models to fit monthly heating fuel consumption, assuming a baseline of consumption not cli-
mate dependent α, and a slope β which represents the response of the building to outside
temperatures.

The data requirements are:

• Daily / monthly consumption data.

• Daily outdoor temperature data or monthly HDD/CDD.

2.1.2 Piecewise linear models

Changepoint temperature models are based on this technique, a piecewise linear model between
daily consumption and temperature response, with one or two breakpoints, corresponding to
heating and cooling thresholds.
The response to outside temperature therefore has up to three segments. For two segment
cases, one of the segments can be fixed to zero thermal response to capture temperatures below
the cooling threshold or above the heating threshold without conditioning. Alternately, the
temperature response of both segments can be fit by the model to capture both heating and
cooling. The three-segment model consists of heating and cooling segments separated by a
zero-slope segment for temperatures without conditioning. [8] describe a set of standardized
regression tools for fitting interval-meter data.

The data requirements are:
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• Daily consumption data.

• Daily outdoor temperature data.

2.1.3 Locally Weighted models

This method, described in [9], gives local estimates in time of the model coefficients by only
considering observations within a limited time window. This makes it possible to see if they are
constant over time, e.g. to look for variations during the heating season and how they change
during the summer period. They are able to estimate the energy performance of buildings
based on daily consumption measurements and nearby climate measurements.

The data requirements are:

• Daily consumption data.

• Daily weather data.

2.1.4 Autoregressive models

These techniques can be used for linear and stationary, not time-varying dynamical systems.
Consequently, if it has been concluded that the system is either non-linear or non-stationary,
then typically the concept of RC models, must be used. However, in some cases a non-linear
transformation of the input signals might be sufficient for the use of autoregressive models.
Depending on the application and the properties of the building/dwelling an appropriate sam-
pling time range from e.g. five minutes to an hour should be considered.
This class of models provides heat transfers and time constants estimations of the system.
Multiple implementations of this technique are described in [10].

The data requirements are:

• Hourly/Subhourly consumption data.

• Hourly/Subhourly weather data.

2.1.5 RC models

The thermal characteristics of buildings and building components is frequently approximated
by a simple network with resistors and capacitances. This, so-called RC network model, is an
example of a linear and stationary (time-invariant) grey box model. In [10], RC models were
used in some examples to characterize an predict energy consumption from multiple dwellings.
This technique also useful for characterize building components, because physical parameters
could be estimated. Other literature which uses RC models applicated to characterization and
identification of physical building parameters are [11, 12, 13].

The data requirements are:

• Subhourly consumption data.

• Subhourly weather data.

• Subhourly indoor temperature data

2.1.6 Hidden Markov models

Hidden Markov models have been well-studied in the Non-Intrusive Load Monitoring (NILM)
literature. It is a common technique used for energy disaggregation. In [14] hidden states
of the Hidden Markov chain are defined as the states of the domestic appliances and build-
ing systems, and the power demand is used as the observation of the model. In this case, a
transition matrix to describe the probability of the devices transitioning between states was
trained. Hidden Markov was also used for the estimation of user occupancy of dwellings in real
use. In this case, occupancy and activity status of the users are the hidden states of the model.

The data requirements are:

• Subhourly/Secondly consumption data.

5



2.1.7 Deep Learning networks

Recently, deep neural networks have driven remarkable improvements in classification perfor-
mance in machine learning fields such as image classification and automatic speech recognition.
One of the main benefits of deep neural networks is that they can automatically learn a hierar-
chy of feature extractors from raw input data (provided that enough training data is available).
In [14] a form of recurrent neural network, denoising autoencoders and a neural network which
regresses the start time, end time and average power demand of each appliance activation, are
discussed and tested over ’kHz electricity datasets’ in order to estimate energy disaggregation.

The data requirements are:

• Consumption data at least with 10 Hz of frequency (0.1 seconds).

• Consumption of lighting, domestic appliances and cooling/heating systems during a train-
ing period, or at least, their operating status.

2.2 Thermal consumption

In the case of thermal consumption, the energy needs to be split between DHW usage, which
highly depends on the user behavior, and SH usage, which depends on building fabric, systems
and user behavior. [15] develops an effective methodology, based on a non-parametric model,
which relies on the fact that the DHW consumption is a process generating short-lived spikes
in the time series, while the space heating changes in slower patterns during the day.

The data requirements for non-parametric models are:

• Hourly/Subhourly consumption data.

• High thermal demands during the winter period (Only appliable in severe climate zones,
e.g. north of Europe).

In the framework of this report, a novel technique is presented due to to the application of the
non-parametric model is not possible considering the typology of thermal demands of the case
scenario 1 dwelling. This method consists on split the raw gas consumption based on a multi-
stage filtering proceed that requires the the gas consumption, the total water consumption
and the outdoor air temperature.
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3 Case scenarios

Two different case scenarios have been selected for this study. The scenarios have different
characteristics, ranging from an end-terraced dwelling to an electricity smart-metered neigh-
borhood. In the former case, data comes from an in-situ monitoring system and in the other
data comes from an electricity utility.

Figure 1: Semi-detached building in Gainsborough (UK)

3.1 End-terraced dwelling

General characteristics This case scenario was adopted from a common exercise of IEA
Annex 71 [16] and in the frame of this technical report, it represents the assessment of
energy performance of buildings when dynamic measures data are available from in-situ
monitoring systems. The dwelling have been monitored for 3 years, starting from October
2012 until November 2015. Initially it was occupied by two adults and one child up to
January 2013. In March 2013, new tenants (1 adult and 2 children) moved in. Due to
the tenancy change, the house was vacant and unheated in January and February 2013.

Energy data Electricity and gas consumption is available at 5 minutes frequency data be-
tween October 2012 and November 2015. This dwelling has a gas-fired space heating and
domestic hot water system. However, there is no monitored data about the disaggregated
usages. Considering the user’s manual and the characteristics of the boiler, the estimated
performance is 90%. In this case, electricity is only used for domestic appliances and
lighting.

Location The dwelling in study is located in a semi-detached building built in Gainsborough,
UK (53.4 N, 0.77 W) which contains 4 social houses. Figure 1 gives an overview of the
houses.

Additional data Furthermore, other data and characteristics of the house was given. For
example, weather conditions (outdoor temperature, solar radiation and wind speed), CO2

7



levels and interior temperatures inside the dwelling, and also total water consumption data
a 5-minutes frequency.

3.2 Electricity smart-metered neighborhood

General characteristics Nowadays, traditional electricity meters are being changed to more
advanced electronic devices called smart meters, which can record consumption in inter-
vals of an hour or less and communicate these information, at least, daily back to the
utility for monitoring and billing.
The overall successful roll-out of smart meters across the EU is dependent on criteria
largely decided by Member States however. By 2020, it is expected that almost 72% of
European consumers will have a smart meter for electricity while 40% will have one for
gas. [17] For the analysis made in the framework of this technical report, an electricity
smart-metered neighborhood is considered in the north-east of Spain.

Energy data The only energy data available in this case scenario is electricity at hourly
frequency. This dataset consists of electricity time series of 6500 residential customers be-
tween, in the majority of the cases, May 2012 to mid-February 2014. Taking into account
the heterogeneity of customers, the dataset contains multiple energy usage typologies.
While some customers only use electricity for their domestic appliances and lighting sys-
tems, others use electricity as the energy resource for DHW, SH or SC. In this report,
only those customers which use electricity as their unique energy resource are considered.

Location-based data In this case scenario, the exact location of the dwellings is not avail-
able, so there is no possibility to infer building or dwelling information about the con-
structed area, volume or orientation. Only approximate location based on the Spanish
postal code is available, which is enough in order to retrieve the weather conditions of
each of the dwellings.
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4 Determination of the energy footprint of dwellings

4.1 Methodology, inputs and outputs

The EPBD [18] and the EED [19] are the main legislative instruments aiming to promote
and define protocols of how to improving the energy performance of buildings (EPB) and the
energy efficiency (EE) within the European Community.

In this report, the methodology used for the assessment of EPB is based on measured data,
and the definition of this methodology highly depends on the input data available and the
data format of the desired output. Commonly, those methodologies are based on statistical
techniques which use input data to fit a model in order to infer the physical features from
its coefficients. The characteristics of the input variables must be known beforehand, since
this information is needed for the selection of the most suitable technique as well as of the
hypotheses to be used in the case under consideration. Thus, the principal characteristics to
consider for the selection of the methodology are the following:

Data variables Data gathered in buildings can span from energy consumption (water, gas,
electricity or thermal consumption) to comfort features (indoor temperatures, relative
humidity, CO2 concentration). However, for an EPB assessment, an input considering the
energy consumption due to space heating or cooling is mandatory. Sometimes, especially
in the case of in-situ monitoring systems, a combination of energy consumption inputs
and comfort variables is available.

Data granularity Energy consumption data is gathered at many different frequencies, from
monthly to every minute data. In the case of in-situ monitoring systems, even higher
frequencies could be available (10 Hz or higher). Normally, the higher the frequency, the
more advanced the techniques used to infer characteristics of the building and the energy
consumption.

Data quality Methodologies for EPB assessment usually consist in fitting a statistical model
considering real data from the building (also known as inverse modelling), so models
trained with data of poor quality obtain fitted coefficients which are poorly reliable.
Therefore, to work with the finest data set possible, multiple data cleaning techniques are
used to detect and filter outliers in raw time series. The settings for this data cleaning
techniques depend on the data variable being processed. For instance, temperature vari-
ables are easier to manage due to the continuity in the signal. Regarding instantaneous
energy consumption (hourly and higher frequencies), is harder to clean such data, due to
the strong stochastic component of consumption peaks.

Energy resources Awareness of the energy resources for DHW, SH and SC is really signifi-
cant, since it allows to simplify the EPB assessment, considering those energy consumption
variables that are weather-influenced. Another information that could refine the output
of the methodology are those related with the characteristics of the heating and cooling
system. This is particularly important when dealing with electricity consumption, due
to the enormous ranges of Seasonal Factor Performance (SFP) between different types of
heat pumps and electricity boilers.

Data units The unit of measurement used for each variable should be analyzed in terms
of representativeness, taking also into account the granularity of the time series. Espe-
cially in the case of energy meters, the unit must represent with sufficient definition the
consumption carried out in the determined time interval. For example, it is not appro-
priate to define a 15-minute consumption of domestic hot water in integers of kilowatt
hours. Sometimes, especially in case of in-situ monitoring, the representativeness of high-
frequency energy meters has not been taken into account because the initial objective was
to summarize these values on a daily or monthly basis.

Weather data Historical weather datasets contains crucial inputs for EPB assessment, such
as outdoor temperature or solar radiation. If no weather input is given by the input
dataset, it should be obtained through third-parties considering the building location.

Another important factor in selecting the most appropriate methodology is to consider the
characteristics of the output algorithm. The estimation of energy performance indicators of a
building with the purpose to benchmark similar buildings does not require the same precision
as estimating them to simulate the energy savings of a retrofitting intervention.
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Figure 2: Inference at the dwelling level

Two levels of accuracy have been considered in the cases presented in this report. In the
first case scenario, considering that more detailed inputs are available (See subsection 3.1),
the Heat Transfer Coefficient (HTC) and the solar gains (gA value) of an end-terraced dwelling
have been obtained with the aim of commissioning its energy consumption.

In the second, the accuracy of the outputs is lower due to the fact that the input data is
smart-metered electricity consumption with multiple uses (See subsection 3.2). In this case,
the obtained energy footprints aim at benchmarking among similar.

In section 2 multiple techniques were described to assess the EPB depending on input data
requirements. In this section, the application of two different methodologies is shown applying
two of those techniques coupled with other statistical learning methods in order to obtain
better accuracy of the results. In the first case scenario a filtering based technique combined
with an AutoRegressive model with eXhogeneous inputs (ARX) has been used. In the second
case, as the hourly electricity consumption time series are harder to split between climate
dependent and user dependent share, an hybrid methodology based on clustering algorithms
and Generalized Additive Models (GAM) is used to characterize the energy performance of
each dwelling.

4.2 Definition of energy footprint of dwellings

The dwelling energy footprint represents a simplified characterization of the energy perfor-
mance of a single dwelling, which is considered as a part of a building. This energy footprint
is composed of indicators estimated from statistical models which are fitted with dynamic
measured data. Figure 2 depicts a set of indicators which can be inferred from a set of data
gathered in a single dwelling.

The method used for the estimation clearly depends on the characteristics of the input
data, but basically it is always composed of the following steps:

• Detection of the energy source used for heating/cooling purposes.

• Split the time series of the energy consumption used for heating/cooling purposes, between
energy consumption due to the end-user behavior and due to the building physics. In the
frame of this technical report, as it only concerns the assessment of the building energy
performance, only the energy consumption due to the building physics is analyzed.

• Once obtained this weather dependent energy consumption, use modelling algorithms
to estimate the indicators that will compose the energy footprint of the dwelling. This
indicators represent consumption response factors to exogenous variables like outdoor
temperature, wind speed and direction or solar radiation. The accuracy of these indicators
will depend on the quality and characteristics of the input data. For instance, if comfort
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variables, such as indoor temperature of the dwelling, would be available, the HTC could
be much better estimated than in the case when a fixed indoor temperature is considered.

The data mining techniques used for the purpose of characterizing the energy performance
are, in most of the cases, prediction models (wider explanation was made in section 2). The
two main classes of statistical prediction models are black box models and grey box models.

Black box models are difficult to interpret in terms of the drivers of energy use. Their
unique objective is the prediction accuracy, and the mechanism responsible for these predic-
tions contains little information about the system being modelled. Thus, these techniques,
which include neural networks, are only suitable for prediction models designed for forecasting
purposes. The coefficients of these models lack of physical significance because there is not
any kind of representative heat transfer equation which relates the measured data and the
building physics.

Grey box models fit parameters which yield meaningful information about the systems they
model. Those models, whose primary purpose is to deliver physically meaningful parameter
fits, are called inverse models, because they work backward from observations to reconstruct
system parameters. They are useful to recover and interpret semi-physical information from
residential smart meter data. Grey box models can be built based on physical heat transfer
equations, similar to those used to model the dynamics of RC electrical circuits.

Other data mining techniques useful to infer hidden information from consumption time
series are clustering algorithms, which could be used to detect similar usage profiles.

Subsequently, a subset of indicators broadly used in building physics are:

Heat Transfer Coefficient (HTC) In thermodynamics and in mechanics it is the propor-
tionality constant between the heat flux and the thermodynamic driving force for the flow
of heat. In this technical report, this is a measure which includes both the transmission
heat transfer and ventilation heat transfer, hence a sum of the UA-value and ventilation
losses. The unit in International System (SI) is WK-1.

Solar Heat Gains Coefficient (gA value) As said in [20], the solar gains are determined
by the prevailing solar radiation intensity, the total solar energy transmittance (g value)
and the area of the aperture. The ’g value’ is the total fraction of the incident solar energy
that is transferred through a building component at normal incidence irradiation. The
’gA value’ of a building is one variable composed by the product of: ’g’ total solar energy
transmittance of the opaque parts (windows) of the building and ’A’ the effective area of
the opaque parts. The unit in SI is m2.

Wind speed response The relevant weather data for air infiltration are: wind speed, wind
direction, difference of temperature (indoor and outdoor) and barometric pressure [21].
In this report, the objective is not to calculate the air infiltration rate. However, as one
of the main factors of air infiltration is the wind speed, its signal response against energy
consumption or indoor temperature is interesting to analyze. The unit in SI is Wsm-1.

time constant Thermal inertia of a building can be quantified by a thermal time constant
which describes how long it takes, where the heating/cooling of a building is discontinuous
for building temperature to change. Thermal time constant is defined as the ratio of a
building’s thermal mass and overall heat loss. Time constant of the building area is
characterized by internal thermal inertia conditioned area during the heating period. The
unit in SI is s.

4.3 Case scenario: End-terraced dwelling

In the following subsection, the methodology used to estimate the energy footprint of an end-
terraced dwelling will be discussed. Considering the input data characteristics (described in
3.1), the method consists of the following steps:

• Split the gas consumption between SH and DHW usage.

• Define the statistical model and train it with the gas consumption due to SH usage, the
indoor and outdoor temperature and the solar radiation.

• Obtain the energy footprint of the dwelling, together with its uncertainty
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4.3.1 Splitting gas consumption

Considering the high frequency of the data (each five minutes) a filtering-based technique is
used to split the gas consumption between SH (weather dependent consumption) and DHW
(user behavior consumption) usages. Filters are applied in cascade, one after the other. Fig-
ures 3 and 4 depict the time series of gas consumption and their relation with temperature
when no filters are applied. Coherently, the unknown usage time series is, at the moment,
equal to the total gas consumption and the DHW and SH usage equal to zero.

Considering that the dwelling has a gas boiler without DHW storage tank, filter 1 makes
the assumption that if there is not water consumption at instant i, the gas consumption at
instant i cannot be due to DHW. Thus, filter 1 considers it as SH consumption. Figure 5
shows a scatter plot between unknown gas consumption and water consumption. A straight
line on the Y-axis shows instants at each 5 minutes, which have gas consumption and no water
consumption. The results of the splitting after applying filter 1 are represented in figures 6
and 7. As it can be seen, the higher peaks on the cold period are moved from the unknown time
series to the SH usage time series. An estimation of a 58.15% of disaggregation is achieved.

Then, the next filtering process (filter 2) considers that days without remarkable consump-
tion (lower than the 2.5th percentile) in SH usage are days when the dwelling is empty, with
very low occupancy or in summer period, so that all existing five minutes gas consumptions in
those days should be assigned to DHW usage. Figure 8 depicts quite clearly this phenomenon,
the majority of days with very low daily gas consumption have more than 6C of average out-
door temperature. The results of the splitting after applying filter 2 are represented in figures
9 and 10. Logically, the DHW consumption seems to have no dependency from outdoor tem-
perature. At this point, a 78.69% of disaggregation is achieved.

Applying a further step (filter 3), time isolated unknown usage consumptions against SH
consumptions are assigned to DHW. The reason behind this filter is that, normally, DHW
consumptions generate short-lived spikes over the time and SH consumptions are long-lived
consumptions, at least more than 5 minutes, the frequency of the time series in treatment. This
phenomenon is shown in figure 11, where the straight line over the axis labeled as ”Unknown
i” represent those DHW isolated consumptions. The results of the splitting after applying
filter 3 are represented in figures 9 and 10. A 92.83% of disaggregation is achieved.

Finally, the remaining unknown usage gas consumption is split in filter 4 using a linear
model against water consumption. In other words, the same pattern of DHW consumption
is expected for the remaining unknown gas measures, than in the case of measures which
are already assigned as DHW consumption. So, the higher outliers (residuals greater than
the 70th percentile) of unknown consumption are split in two, assigning the difference from
the outlier to the DHW model as SH consumption, and the consumption predicted with the
model to DHW usage. Figures 14 and 15 depict this fact and compare the residuals of different
datasets over the same model (fitted with DHW consumption). The results of the splitting
after applying filter 4 are represented in figures 9 and 10.

After this filtering proceess, the unknown usage consumption is set to zero. Thus, a
theoretical 100% of the original gas time series is split between SH and DHW usage.

4.3.2 Estimation of the HTC and the gA value

After splitting the gas consumption signal between DHW and SH usages, an estimation of
the energy footprint of the dwelling can be made, in this case consisting in the HTC and gA
value of the dwelling. Regarding the input data available for this model, Figure 18 presents
the gas consumption for SH, indoor temperature, outdoor temperature and Global Horizontal
Irradiance (GHI) time series from 2014-12-01 00:00:00 CET to 2015-11-30 23:00:00 CET. As
can be seen looking at the Y-axis of the SH consumption, the five minutes energy consumption
data was transformed to hourly average demand power considering the estimated performance
of the boiler (90%). Since the period of time considered is quite large, containing multiple
seasons, a subset concerning only one winter period is selected. This subset is the input data
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for the statistical model and is depicted in figure 19. The selected time range goes from 2015-
01-01 00:00:00 CET to 2015-01-15 23:00:00. This period clearly contains a day with outdoor
temperatures below 0C and high probabilities of occupancy due to the indoor temperature
higher than 18C.

Thus, those 4 time series are used by an ARX model to estimate the HTC and gA value of
the dwelling. Indoor temperature as model output and outdoor temperature, heating power
and solar radiation as model inputs.

φ(B)T i
t = ωh(B)Φh

t + ωe(B)et + ωsol(B)Isolt + εt

, where φ(B) is the polynomial in the backshift operator B related the indoor temperature,
T i
t is the indoor temperature at instant t, ωh(B) is the polynomial in the backshift operator B

related to the SH heating demand power input, Φh
t is the heating power of the heating system

at instant t, ωe(B) is the polynomial in the backshift operator B related to the outdoor
temperature input, te is the outdoor temperature at instant t, ωsol is the polynomial in the
backshift operator B related to the solar irradiance input, Isolt is the solar irradiance at instant
t, and εt is the error of the model at instant t. The order of the output polynomial φ(B)
is p, on the contrary, input polynomialsωh(B), ωe(B) and ωsol(B) are polynomials of order
sh, seandssol. In this simple setup we assume that the order of the input polynomials are
sh = se = ssol = p1. Consequently, only a single parameter, namely p, needs to be set to fix
the model order. To set appropriately the order p of the model to the given subset, the order is
set initially to zero and iteratively increased by one until the residuals of the model indicate no
autocorrelation (ACF) and partial autocorrelation (PACF). In this case, the optimal p order
is 3, in figure 21 the ACF, PACF and correlogram of ε are depicted. As can be seen, the
residuals are white noise and the model is considered valid.

Once the model is validated, the HTC and gA value have to be determined. The first step
is to obtain the steady state gain (i.e. the infinite response from a step in an input), the inputs
are set to one, hence B = 1, and the polynomials become:

φ(1) = 1 + φ1 + φ2 + ...+ φp

ωh(1) = ωh,0 + ωh,1 + ...+ ωh,p−1

ωsol(1) = ωsol,0 + ωsol,1 + ...+ ωsol,p−1

Then, with the estimated transfer functions the HTC is found by

HTC =
φ(1)

ωh(1)

And the gA-value is similarly obtained by

gA =
ωsol(1)

ωh(1)

The results are presented in figure 20, the estimated HTC of this end-terraced dwelling is 56.68
W/K (with a standard deviation of 5.13 W/K) and a gA value of 1.358 m2 (with a standard
deviation of 0.055 m2).
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Figure 3: Gas consumption by usages when no filters are applied.

Figure 4: Gas consumption by usages against outdoor temperatures when no filters are applied.
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Figure 5: Scatter of unknown usage gas consumption against water consumption.

Figure 6: Gas consumption by usages after filter 1 is applied.

15



Figure 7: Gas consumption by usages against outdoor temperatures after filter 1 is applied.

Figure 8: Unknown usage gas consumption against average temperature in daily frequency.
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Figure 9: Gas consumption by usages after filter 2 is applied.

Figure 10: Gas consumption by usages against outdoor temperatures after filter 2 is applied.
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Figure 11: 3D scatter of unknown usage gas consumption against lagged versions (-1,1) of SH usage gas
consumption.

Figure 12: Gas consumption by usages after filter 3 is applied.

18



Figure 13: Gas consumption by usages against outdoor temperatures after filter 3 is applied.

Figure 14: Residuals histogram of the Gas - Water linear model. Comparative between unknown usage gas
consumption and DHW gas consumption.
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Figure 15: Scatter of the Gas - Water linear model. Comparative between unknown usage gas consumption
and DHW gas consumption.

Figure 16: Gas consumption by usages after filter 4 is applied.

20



Figure 17: Gas consumption by usages against outdoor temperatures after filter 4 is applied.

Figure 18: Available data input after the disaggregation process of the gas consumption.
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Figure 19: Data input for the ARX model.

Figure 20: HTC and gA values estimated by the ARX model.
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Figure 21: White noise testing using ACF, PACF and correlogram
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4.4 Case scenario: Electricity smart-metered neighbourhood

Since the first case scenario methodology needs high frequency data and in-situ monitoring of
the dwelling in order to retrieve its outcomes, in this second case scenario, a novel proposed
methodology to assess the EPB using hourly electricity consumption time series (described in
3.2) was tested. The use of this methodology could be implemented on a massive scale in the
short or medium-term due to the level of integration of the Advanced Metering Infrastructure
(AMI). However, given that its development is at an early stage, multiple hypotheses should
be considered.

4.4.1 Initial statement

This section contains the initial statements concerning the data analysis made for this case
scenario:

• Only users with significant weather dependence in their consumption are considered.
Thus, it is assumed that their unique energy resource for domestic appliances, lighting,
DHW and HVAC is electricity.

• Only winter periods are analyzed. The ∆T between indoor and outdoor temperatures is
higher than in other seasons of the year.

• An assumption that all the electricity consumption will be converted to heat consumption.
There is a rule of thumb that the 75% of the electricity consumption is converted in one
way or another to heat. So, as explained in figure 22 to model the electricity consumption
in terms of heat, the model must consider the baseload consumption due to the user, the
heat inertia, the heat transfer through the envelope and ventilation, the heat solar gains
and the air infiltration due to wind.

• This methodology is only valid for benchmarking of this typology of users (dwellings with
electricity as unique energy resource). For the moment is not recommendable at all to
mix users with gas or other energy resources.

• Even though the time constant of electricity consumption is pretty much lower that the
heat energy time constant, two inertia features are considered in the statistical model to
take into account the heat inertia of the building.

• Hourly fitting of the model was made in order to estimate the scheduling of the HVAC
systems.

• Another issue to take into consideration is the performance of the HVAC system. Regard-
ing the performance of electric heat pumps, the European Commission funded programme
SEPEMO (SEasonal PErformance factor and MOnitoring for heat pump systems), which
was undertaken from 2010 to 2012 to define system boundaries and ensure consistent
definitions of heat pump performance across Europe. The outcome was four different
boundaries and four different calculations of heat pump efficiency. These are referred to
as Seasonal Performance Factors (SPF) and they range from SPF H1 to SPF H4. The
higher the H number the wider the system boundary. This means the boundary includes
more of the components that use electricity or produce heat. Thus, in the case of this
technical report, SPF H4 should be the one to be considered. Nonetheless, this informa-
tion is not available, for the moment, in the electricity smart-metered dataset used for
this analysis. Thus, an SPF of 1 will be considered, given that some users could have
resistance-based systems for heating, and this could be approximately the performance
of one of those systems. In the case of electric heat pumps, an SPF of 1 is really low
considering that validations done in the context of SEPEMO project, measured SPF’s
from 1.8 to 3.1 during 2014 all around Europe.

4.4.2 Description of the methodology

Figure 23 explains, in general terms, the methodology used in this case scenario. The input
data is a big data set of electricity time series from metering devices which contains the con-
sumption from multiple dwellings. The methodology used to calculate the energy footprint of
each dwelling consists of two different parts. The first one has the scope to split the different
user behaviors and occupancy patterns performed by the users that interact with the dwelling.
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Figure 22: Main usages of electricity consumption and its relation with heat

The second part consists of the modelling of each group of similar daily load curves to obtain
the energy footprint of the dwelling, which could be used to assess the energy performance of
the building, of the district or at even lower geographical scale, depending on the final desired
application.

Regarding the statistical techniques used in each part, in the first one, a clustering pro-
cedure is performed to detect similar daily load curves across the complete data set. Sub-
sequently, a classification of the complete electricity time series for every dwelling is made
against the representative load curves obtained in the clustering procedure. The result is a
group of subsets that represent the different user behavior and the occupancy patterns for
each dwelling. Finally, the second part of the methodology uses this last result and its related
weather data to fit a Generalized Additive Model (GAM) which represents the heat fluxes of
the dwelling in order to estimate the HTC, the gA value and the wind response.

4.4.3 Analysis of the raw electricity consumption time series, clustering
and classification of the daily load curves

Clustering results depend strongly on the manner in which the data is presented to the algo-
rithm. Therefore, it is crucial to examine carefully each pre-processing step and consider the
possible effects it could have on the outcome. The following pre-processing methods have been
used.

Pre-processing: Data cleaning and daily load curves selection
The first step that should be followed when analysing massive datasets is to clean the time
series. Data cleaning in the energy domain is a process of detecting, diagnosing, and editing
faulty data in consumption time series. In the methodology developed, this is a critical step
because the analysis is made based on the raw electricity consumption time series. As shown
in [22], there are multiple approaches to detect outliers in consumption time series.

In this study, two outliers detection approaches are considered. The first is a non-recursive
elimination of extreme scores based on a Z-score of one-week sliding window population in
order to detect outliers when their value is above eight (it means eight standard deviations
from the mean). The Z-score is the signed number of standard deviations by which the value
of an observation or data point is above the mean value of what is being measured. The second
method considers a measure as an outlier when its value is above the theoretical maximum
consumption based on the customer contracted power.

Additionally, data gaps are detected using a data-padding algorithm, which already con-
siders the original time series frequency. Not Available (NA) values are the replacement for
each of the faulty timestamps in raw time series.

Finally, a subset of daily load curves valid for clustering are selected. These curves do not
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Figure 23: Flow diagram of the methodology applied to electricity smart-metered data

contain outliers nor gaps and have a significant consumption in terms of total daily consump-
tion and intraday variance.

Pre-processing: Extraction of periodical patterns from raw data
The focus is on determining load curves patterns of periods that are likely to show cyclic
characteristics. Daylight imposes a natural rhythm on human behavior, making daily load
curves an obvious choice. Inferring on how consumers use electricity during different times of
the day and in different days of the week and different seasons of the year, is considered as
the most relevant information.

Pre-processing: Smoothing of the daily load curves
Load patterns of electric consumption generally show rugged patterns with fluctuations with
high frequencies and amplitudes. Here it is assumed, that the exact time and amplitude of such
spikes are not relevant and that the focus should be much more on the average consumption
of a larger time window. Therefore, an averaging technique called moving average has been
applied for the smoothing of the individual load curves. This technique recalculates the value
at each time step as the average of a number of values from a range around it. This does
not change the dimensionality of the data, but it removes flickering and makes the data more
comparable with respect to the average consumption during a limited period. The size of the
moving average considered in this case scenario is 3. Thus the consumption at instant t will
be affected by the consumption in t-1 and t+1.

Pre-processing: Normalization of the daily load curves
Normalization transforms the data into a representation that is better comparable with respect
to certain properties such as peak location, and generic load curve shape. However, each
transformation removes certain information from the data. Therefore, it has to be carefully
evaluated, how the data is normalized and what this implies for the further processing steps.
If information is removed, it could make sense to include it again at a later stage. In this case
scenario, the proportion of daily consumption is used for this purpose. Each element of the
daily load curve is divided by the overall consumption of the day. This methodology is easily
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understandable in energy domain data because it represents the proportion of usage in each
time step related to the overall day. The sum of normalized elements must be 1.

Clustering the daily load curves
K-means is the clustering algorithm used to detect the representative daily load curves. It is
one of the oldest and best known clustering algorithms and it is still widely used for different
purposes, often in combination with other clustering methods, such as Self-Organizing Maps.
It attempts to group the observations of a data set into a fixed number of clusters with a
minimized within-cluster variance. In the current case, the algorithm of Hartigan and Wong
(1979) was chosen, which uses Euclidean distance to calculate the variance and defines the
cluster center as the mean of each dimension of all observations in the cluster.

K-means is a relatively simple and fast algorithm, but it has a number of drawbacks, that
have to be kept in mind when applying it. One of them is that it should be taken into account
that the result of the algorithm depends on the randomly initiated cluster centres. There-
fore, the algorithm is executed multiple number of times with different initializations to assure
convergence. Regarding the distance calculation technique, the euclidean distance is used in
this case scenario. In literature, the usage of distances which allow shifting in loads, such as
Dynamic Time Warping (DTW), is an important feature to consider in order to obtain better
results. However, since a moving average pre-treatment is made, it automatically introduces a
correlation term within nearest measures. Thus, in our case, the euclidean distance is already
considering shifting in loads, which depends directly on the size of the moving average applied.

If the number of clusters is not known prior to clustering, the algorithm has to be run for
a range of cluster numbers and the results have to be compared with an appropriate criterion.
In this case, the criterion is the Gap Statistic [23] and, as shown in figure 24, the criterion of
Gap Statistic recommended by the authors gives an optimal number of groups of 23.

In figure 25 the representative daily load profiles in terms of intraday percentage of con-
sumption are depicted. The last step is to reorder them by the number of peaks and the
moment when these peaks are produced. The reordering of the representative daily load
curves is optional, but it is useful to proceed with other clustering applications, such as users
segmentation. Results are represented in figure 26.

Classification of each dwelling
The resulting cluster centroids obtained by the clustering procedure define the representative
daily load curve of the dataset. Then, these profiles are used to classify all the available load
curves of each dwelling into distinct categories of shape by assigning the daily load curves to
the most similar representative. It is assumed that distinct representative daily load curve
represents a single typology of user occupancy and behavior. An example is shown in figure 27
The final objective of this classification is to obtain multiple groups of subsets of daily load
curves which could be modeled independently, one for each typology of user occupancy. The
euclidean distance is used for the calculation of distances between the daily load curves and
the representatives obtained in the clustering process.
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Figure 24: Determination of the optimal number of groups of daily load curves using the Gap Statistic
criterion

4.4.4 Estimation of the energy footprint of the dwelling

Once the clustering and classification procedure are finished, the estimation of the energy
footprint is made, using the same dwelling presented in the classification results (Figure 27).
The raw time series for this dwelling is presented in figure 28 and, as shown, the electricity
consumption is much higher during winter and summer periods maybe due to the operation
of electricity heating and cooling systems.

In the following paragraphs, only the estimation of the energy footprint of one of the most
significant subset of daily load profiles is presented. It is worth to mention that in future
works the complete set of dwellings should be considered in order to evaluate deeply this novel
methodology. For the time being, the subset depicted in figure 29 represent the analyzed daily
load curves. It is clear that even the daily load curves have a similar shape among them,
the low outdoor temperatures tends to increase the absolute consumption (blue for low daily
average temperature and yellow for high daily average temperatures). Thus, the Generalized
Additive Model (GAM) aims at evaluating the heat power of the dwelling against outdoor
temperatures, solar radiation and wind velocity. Additionally, the seasonality of the daily load
curves is considered, which is a relation between the hour of the day and the consumption.
Thanks to the clustering and classification processes, it is clear that within a subset of similar
load curves of a single customer, the seasonality between daily load curves would be almost
the same, so its a coefficient that could be determined using a GAM. Thus, after all the
considerations, the expression of the GAM is the following:

Ei = β(Hi) + α(Ei−1) + γ(

23∑

n=0

(24− n)Ei−1+n)/300 +OT (To,i − 20) + gA(GHIi) + w(Ws,i)

, where i refers to the instant i, E is electricity consumption, where in this case it must be
assumed as heat power, β is the hourly baseload spline, H is the hour of the day, α and γ
are linear coefficients for the short term and long term inertia coefficients, gA is the gA value
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Figure 25: Representative daily load curves detected (In black the individuals associated with each group)
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Figure 26: Representative daily load curves detected (Ordered by number of peaks)

Figure 27: Classification of the daily load curves of a single user
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spline, GHI the Global Horizontal Irradiance, w is the wind factor spline, Ws is the wind
speed, To is the outdoor temperature, and OT is the outdoor temperature spline. In the case
of this last coefficient, despite the fact that an indoor temperature of 20C is considered, this
spline could be understood as a rough Heat Transfer Coefficient (HTC) if OT is divided by
the negative sum of α and γ, plus 1. This procedure for estimating the HTC is very similar
to that presented in scenario 1 for estimating the HTC of the dwelling.

The results of the model applied to the data (represented in figure 29), are depicted in
figure 30. The coefficients related to weather exogenous variables were fitted considering 6
parts of the day of 4 hours each. Multiple interesting values, especially for OT , were detected.
The first one is that the heat losses during the evening and the night are much higher than
during the day, maybe due to ventilation during that periods. Then, gA spline indicates
that the solar radiance is only significant in the last part of the day, so this dwelling may
has a main facade on south-west, which is the moment when higher dependency is detected.
Regarding the estimated HTC, if the OT splines from 8 to 15 h are considered, which have
similar slopes among them, and also the α and γ from the inertia features, an HTC of 255
W/K is estimated, which is quite normal for a big dwelling ( 150 m2) in the climate zone
where it is located. Obviously, this is a first example of the method but a deeper analysis is
highly recommendable, especially regarding the modelling part.

Figure 28: Heatmap of the raw electricity time series of a single dwelling
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Figure 29: One of the most representative subset of similar daily load curves of a single dwelling

Figure 30: Results of the energy footprint of a single dwelling
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5 Assess the energy performance of households using en-

ergy footprints and scale-up the method to district level

and beyond

Dynamic measured data coming from consumption smart metering and in-situ monitoring
systems provide valuable information to assess the energy performance of buildings and char-
acterize the energy behavior of the occupants at a household level.

The analysis of this data allows to obtain a set of indicators which relates the energy
consumption of a household with multiple exogenous variables related to the location of the
household and to the comfort of its users. This set of indicators composes a unique energy
footprint, which could be used to characterize the energy performance of each household. It
describes the performance of the building envelope, the building systems and the user behavior
of the occupants.

Afterwards, an interpretation of this numerical characterization should be done in terms
of energy efficiency, which is made in order to determine the weak and strong points of each
household and provides a personalized energy performance assessment. Furthermore, the same
method could be used at district level and beyond. In these cases, the energy performance
is evaluated considering an aggregation of the energy footprint of all, or a significant part,
of the households which constitute that district or administrative area. For this comparative
purpose, benchmarking techniques are useful because the individual energy characterization
is contextualized against similar buildings.

Considering the type of methodology developed in this technical report, which is essentially
based on data analytics, groups of similar entities (dwellings, buildings, districts, cities,...)
should be based on building characteristics and socioeconomic information, avoiding the en-
ergy related features. For instance, at dwelling level, a clustering algorithm [24] could calculate
groups of similar dwellings based on year of construction, area, volume, building type or cli-
mate zone. At higher-scale administrative levels, such as districts or cities, socioeconomic
information also based on location like economic level, population distribution or social statis-
tics could be used to detect similar items. In this way a better understanding of differences
in energy performance of a single or several number of households can be provided, as well as
the possibility to work on multiple administrative levels.

Additionally, the methodology could be used to support the building stock modelling esti-
mating the energy-saving potential of groups of buildings. Regarding building stock models,
a methodology review of existing literature is provided in [25]. In the following paragraph, a
brief summary of this paper is made, considering the advantages and drawbacks of each model
typology.

Engineering models These models aim to account for the end-user energy consumption
based on power ratings, use of equipment and systems and heat transfer relationships. To
reduce the amount of buildings to be modeled, it is required to consider a representative
building for each archetype. [26] describes the work developed in the European Project
TABULA (Typology Approach for Building Stock Energy Assessment), the aim of which
was to define building typologies archetypes for 15 European Countries. These models
offer the possibility to simulate the effect of different energy saving measures for future
scenarios proposed [27] [28], life-cycle considerations [29] and multiple housing param-
eters. However, there is not a common validation method to generate the archetypes
representation of the buildings [30] [31], and this is a consequence of the heterogeneity of
the models represented. Another issue to be considered is the trade-off between simplic-
ity and complexity: the more aspects introduced in the model, the more archetypes are
needed for representativeness in a given building stock. Moreover, these models usually
do not take into account the user behavior [32], and this often causes the energy per-
formance gap between simulations against reality. This concept gets more importance
when the models are applied to low energy consumption buildings, mainly because the
traditional building physical factors do not affect the energy consumption in the same
manner.

Statistical models As explained in [33], statistical models rely on historical information
and data analytics which are used to attribute dwelling energy consumption to particular
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end-uses. The methodology developed in this report corresponds to these type of models.
On one hand, this method is usually based on the energy consumption analysis; therefore
user behavior, building envelope and systems performance are considered inherently to the
characterization. On the other hand, the major drawback is that it requires a collection
of the historical data which is time consuming to obtain and limited in many European
countries [2]. However, some authors use a statistical hybrid model which is based on
monitoring data and building-physics knowledge. This prior knowledge is used to make
assumptions in case of lack of real data. [34] describes the creation of a building stock
model of the Piedmont region (Italia) based on statistical data and the building typology
approach developed in [26].

Energy-economic models A rather new approach to building stock models are represented
by the energy-economic models, also known as energy epidemiology models, which adopts
an interdisciplinary approach that could allow to account for complex relationships be-
tween different energy uses and economics or sociological factors. These models are also
combined with the traditional engineering approach to describe the drivers of the demand
for energy in terms of sources and fuels, services and uses, practices and norms, across the
interacting sectors and actors within the built environment [35]. At the moment, there is
no much literature about this topic, but the concept is being developed in the IEA Annex
70 [36].

To sum up, the methodology to scale up the building energy performance assessment from
dwelling to district level and beyond could be considered as a building stock model because
the distribution of the dwelling energy footprints in the district describes precisely the energy
characterization of the building stock, so then this information could be used to generate
energy-efficiency scenarios. Additionally, the analysis made to obtain the energy performance
assessment of the dwellings takes also into account the user behavior and the supply-side
systems installed in the dwelling as a consequence of the usage of the real energy consumption.
This fact will contribute to the development of more accurate building stock models [25].

5.1 Definition of the geographic levels

The geographic levels considered in the scaling up process define the stratification from the
dwelling level to the city or regional level. Subsequently, in this section, a clear definition of
each level is provided.

Dwelling The formal definition of dwelling is a place where someone lives. Regarding the
EPBD (Directive 2010/31/EU), the closer definition to dwelling is referred to building
unit, which means a section, floor or apartment within a building which is designed or
altered to be used separately.

Building The formal definition of building is a structure that has a roof and walls, for example
a house or a factory. According to the EPBD (Directive 2010/31/EU), building means
a roofed construction having walls, for which energy is used to condition the indoor
climate. A building could be constituted by a single or multiple dwellings, depending on
the building typology and the specific characteristics of that building.

District The formal definition of district is an area of a town or country which has been given
official boundaries for the purpose of administration. Regarding the energy context, the
definition of district is described in [37], which refers to a geographical zone in a city
or a region with a particular characteristic or condition. For instance, in case of district
heating installations, the whole group of buildings supplied by the system, forms a district,
because the heating system is the particular characteristic among them.

City The formal definition of city is a large or important town, which is a place with many
streets and buildings, where people live and work. Towns are larger than villages and
smaller than cities. In the context of this technical report, a city or town is an adminis-
trative level composed by multiple districts.

Region The formal definition of region is an area of a country, especially one that has a par-
ticular characteristic. In the context of this technical report, in rural situations, a region
is considered an administrative level composed by multiple rural districts or villages, and
would be considered at the same level than cities, which are also composed by districts.
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5.1.1 Interrelation between geographical scaling up levels

The interrelations between the geographical levels are based on the location of the dwellings.
Basically, the energy consumption of a dwelling is related to its detailed or approximate lo-
cation. Then, using this information, weather and consumption data are combined and the
dwelling energy footprint is calculated. Afterwards, to scale up the assessment of the building
energy performance to district level and beyond, the dwellings location is considered to relate
groups of dwellings to higher scale geographical zones, such as districts, cities or regions.

The dwelling location can be detailed or approximate. The detailed addresses of dwellings
are available for utility companies, with whom the end-users have a contract and an explicit
permission of data transfer. Nevertheless, due to European laws on data privacy, quite often
consumption metering data cannot be related with detailed location of dwellings or consumers.
For instance, in the case of third-party data analytics companies which treat data coming from
DSO’s or energy utility companies, the data must be anonymized. As a consequence, this tech-
nical report will take into account these two different situations, as shown in the figure 31: the
first one (Situation 1), which considers the availability of the detailed location of the dwellings
and a second case (Situation 2) which considers only an approximate geographical location
(e.g. postal code, district or city) to represent the location of the dwelling.

5.2 Scaling up the energy performance assessment

The methodology to assess the building energy performance at multiple geographic levels is
based on benchmarking single or multiple dwelling energy footprints against their similars. As
explained above, the method considers two different situations in terms of available information
about the location of the dwelling: the first situation considers detailed location of the dwelling
while the second one considers approximate location of the dwellings.

5.2.1 Benchmarking of dwellings

As shown in section 5.1, the first level of assessment concerns the dwelling level which requires
information obtained from the dwelling and the building. It requires the detailed location of
the dwelling to relate its energy footprint with its building administrative data. Thus, this
case only concerns situation 1. The steps to benchmark dwellings are:

Obtain the energy footprint Analyze the dynamic measured data and the weather data
to obtain the energy footprint of each dwelling

Obtain the building administrative data Get the building typology, the year of con-
struction and the floor area of the each dwelling from cadastral/administrative data.

Detect similar groups of dwellings Cluster the dwellings using the building administra-
tive data and a clustering algorithm to detect different groups of similar dwellings. Multi-
ple clustering techniques could be used, e.g. K-means or SOM. Additionally, other factors
could be considered in this phase. For instance, it is broadly known that the building
envelope characteristics can differ a lot between hot and cold climatic zones. Thus, the
climate zone of the dwelling should be also considered in the clustering, to avoid detection
of similar dwellings with completely different energy demand due to weather conditions.

Benchmark the dwelling energy footprint against similars dwellings Once the simi-
lar groups are defined, compare the energy footprint of each dwelling against its similar,
which will be represented as a distribution of each indicator composing the energy foot-
print of the group of dwellings. The assessment should provide managing or retrofitting
actions as a consequence of the interpretation of the comparison.

Figure 32 depicts the workflow and an example of the result of the benchmarking technique
considering one dwelling against similars dwellings. This example shows the OT (Outdoor
temperature factor), Ws (Wind speed factor) and gA (solar radiation aperture) indicators
characterising the distribution of similar buildings. In this case, the assessment should recom-
mend the installation of solar protection devices during the summer period, because the gA
value is considerably much higher.
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(a) Detailed location of the dwelling (Situation 1)

(b) Approximate location of the dwelling (Situation 2)

Figure 31: Geographic scaling up levels and the interrelations between them
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Figure 32: Workflow of the similar dwellings benchmarking (Situation 1)

5.2.2 Benchmarking of districts

The benchmarking of districts could be useful for local or regional governments to compare
the building stock of a certain district of their region or city among other similar districts in
Europe. The steps to benchmark districts are:

Define the geolocation of the district Define the districts as certain geographical zones
with known location, shape and dimensions, where a set of dwellings have common char-
acteristic between them. In cities, districts could be considered as neighborhoods or zones
with common district heating/cooling systems. In rural regions, could be considered as
villages or groups of small municipalities.

Obtain the dwelling energy footprints Analyze the dynamic measured data and the weather
data of each of the dwellings to obtain the energy footprint of the district. In this phase,
the main difference between situations 1 and 2 is that in situation 1, thanks to the de-
tailed information, the location of the dwelling within the district is known. Moreover,
the relation between the building administrative data and the dwellings is also known.
Conversely, in situation 2 there is no possibility to filter outlier dwellings or buildings
which could add noise to the district characterization.

Obtain the building administrative data Get the building typology, the year of con-
struction and the floor area of all the dwellings through cadastral/administrative data.

Obtain the demography and social characteristics of the district Get the statistical
data about migration, evolution of demography and society referred to the district through
the national statistics centers, local authorities or Eurostat.

Detect the similar groups of districts Cluster the building stock administrative data, the
climate zone, the demographic and the social macro statistics of each district using a
clustering algorithm to detect different groups of similar districts. Multiple clustering
techniques could be used, like k-means or self organizing maps. In this case, the clus-
tering is quite more complicated since some of the considered factors are represented by
distributions, such as the building stock characteristics.

Benchmark the dwelling energy footprints of the district against similar districts
Once the similar districts groups are defined, compare the dwelling energy footprint dis-
tribution against the distribution of similar districts. The assessment should provide
general energy management recommendations, user awareness campaigns or to create
focus programs for buildings retrofitting at a district level.

On one hand, figure 33 depicts the workflow when the situation 1 is considered, complementing
the results from the benchmarking at the dwelling level. On the other hand, figure 34 shows
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the workflow when the situation 2 is considered. In this case, the general statistics from the
dwellings level and the buildings level are accounted for. An example of the result of the
benchmarking technique is shown and explained in figure 35 and 36.

Figure 33: Workflow of the similar districts benchmarking (Situation 1)

5.3 The role of INSPIRE

INSPIRE is the acronym of the Directive 2007/2/EC of the European Parliament and of
the Council of 14 March 2007 establishing an Infrastructure for Spatial Information in the
European Community [38], to support European Union environmental policies, and policies
or activities which may have an impact on the environment.

Energy policies well fit into the scope of INSPIRE and therefore they can benefit from
a set of common data models and common data sharing mechanisms provided by INSPIRE
and adopted by all EU MS to ensure the interoperability of their national SDIs (spatial data
infrastructures) by 2020, according to the deadlines set by the INSPIRE roadmap [39].

This chapter aims at assessing at which extent INSPIRE can support the methodologies
described so far in this report.

In both the dwelling energy footprint estimation and the benchmarking workflows INSPIRE
has been envisaged as a potential source of input data.

In order to further explore this potential, a fit for purpose analysis has to be carried out on
some candidate INSPIRE data themes. Among the thirty-four spatial data themes addressed
by the Directive [40], the following six are relevant to the methodologies described in this
report:

• Buildings

• Address

• Atmospheric conditions and meteorological features

• Statistical Units

• Population distribution

• Utility and governmental services

Each of the above listed themes is analyzed in more details in the following sub-sections.

5.3.1 Buildings

The INSPIRE Data Specification on Buildings [41] contains a set of attributes relevant to
energy simulations, such as dateOfConstruction, currentUse, numberOfDwellings, numberOf-
BuildingUnits, heightAboveGround. In particular, the currentUse attribute value has to be
selected among a list of predefined values, set in the CurrentUse codelist [42]. It is important
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(a) Data coming from dwellings dynamic measures

(b) Data coming from buildings databases

(c) Proposed workflow

Figure 34: Workflow of the similar districts benchmarking (Situation 2)
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Figure 35: Example of the similar districts benchmarking (Situation 1)

Figure 36: Example of the similar districts benchmarking (Situation 2)
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to highlight that the fixed parent values of the codelist (residential, agriculture, industrial,
commerceAndServices, ancillary) can be extended with new child values.

As an example, new child values can be added to the current child values of the residen-
tial parent value (individualResidence, collectiveResidence (two or more than two dwellings),
residenceForCommunities), in order to better match the energy simulations needs.

A UML representation of the application schema BuildingsBase provided by INSPIRE for
the Buildings data theme is shown in Figure 37, in which are also visible some of the above
mentioned attributes and some of their properties.

Figure 37: Attributes of INSPIRE data model for Buildings

With reference to the Figure 37, it is to be highlighted that a Building can be composed
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by many Building Parts. The definition of Building Part provided by the INSPIRE Data
Specification on Buildings is the following: “A BuildingPart is a sub-division of a Building
that might be considered itself as a building. NOTE 1: A BuildingPart is homogeneous related
to its physical, functional or temporal aspects. NOTE 2: Building and BuildingPart share
the same set of properties. EXAMPLE: A building may be composed of two building parts
having different heights above ground.” Figure 38 shows an example of relationship between
Building and BuildingPart.

Figure 38: Relationship between Building and BuildingPart

In order to provide a more detailed representation of the elements constituting a Building or
a Building Part, INSPIRE introduced also the concept of Building Unit, defined as follows: “a
BuildingUnit is a subdivision of Building with its own lockable access from the outside or from a
common area (i.e. not from another BuildingUnit), which is atomic, functionally independent,
and may be separately sold, rented out, inherited, etc. Building units are spatial objects
aimed at subdividing buildings and/or building parts into smaller parts that are treated as
seperate entities in daily life. A building unit is homogeneous, regarding management aspects.
EXAMPLES: It may be e.g. an apartment in a condominium, a terraced house, or a shop
inside a shopping arcade. NOTE 1: According to national regulations, a building unit may be
a flat, a cellar, a garage or set of a flat, a cellar and a garage. NOTE 2: According to national
regulation, a building that is one entity for daily life (typically, a single family house) may
be considered as a Building composed of one BuildingUnit or as a Building composed of zero
BuildingUnit.”

But, despite the information related to Building Units could be very useful for the energy-
related methodologies applied at dwelling level, unfortunately this spatial object has been
defined only in a draft extended INSPIRE data model for Buildings. Therefore, before to
expect that information related to Building Units will become available through INSPIRE, the
endorsement of the INSPIRE extended models will be needed. This endorsement, which is part
of a process handled within the INSPIRE Maintenance and Implementation Framework/Group
[43], is not likely to happen in the very next future.

Moreover, it is to be highlighted that most of the attributes shown in figure 1 are optional
and not mandatory (their multiplicity is indicated as [0..1] or [0..*]).

Therefore, within the time frame set by the INSPIRE roadmap, harmonized information
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related only to mandatory attributes of Buildings and Building Parts spatial objects is expected
to be available by the end of 2020.

5.3.2 Addresses

Most buildings can be identified (geocoded) by one or more addresses. An address is an
identification of the fixed location of a property. The full address is a hierarchy consisting of
components such as geographic names, with an increasing level of detail, e.g. town, then street
name, then house number or name. It may also include a post code or other postal descriptors.
More details can be found in the INSPIRE Data Specifications on Addresses [44]. The main
concept of this data specification which can be relevant for the methodologies described in this
report is that an address has a geographic position, which enables an application to locate the
address spatially.

5.3.3 Atmospheric conditions and Meteorological geographical features

The INSPIRE “Atmospheric Conditions” and “Meteorological Features” themes are covered
together in one Data Specification. These themes provide basic concepts and data models for
environmental protection related activities requiring information on atmospheric conditions
like weather, climate and air quality. The two themes are defined as follows:

Atmospheric conditions Physical conditions in the atmosphere. Includes spatial data based
on measurements, on models or on a combination thereof and includes measurements lo-
cations.

Meteorological geographical features Weather conditions and their measurements: pre-
cipitation, temperature, evapotranspiration, wind speed and direction.

Regarding the temporal coverage aspects, the INSPIRE Data Specification on Atmospheric
Conditions and Meteorological Geographical Features [45], state that “for climate projections,
only long-term time-means are considered to be in scope; data at a high temporal resolution
is excluded”. Historical data including climate information, e.g. monthly means, as well
as forecast data including climate information from numerical simulations can be considered
within the scope of the INSPIRE theme Atmospheric Conditions and Meteorological Features.

5.3.4 Statistical Units and Population Distribution

The combined use of the data models of these two themes will facilitate harmonisation of
datasets consisting of indicators. The Population Distribution theme deals with datasets
of statistical information describing how some phenomena regarding human population are
spread within some part of the 2D space. The theme has no direct spatial features, and only
contains attributes supporting the description of population phenomena related to statistical
units. Population data is linked to spatial objects (statistical units) through their common
identifier, e.g. NUTS codes, administrative units or grid identifiers. However, the absence of
direct spatial features is currently hindering the exploitation of harmonized statistical data in
a GIS context and the use of alternative technological solutions (e.g. TJS Table Join Service
- of OGC Open Geospatial Consortium) is under investigation.

Regarding the genericity of its range of applications, the Executive Summary of the Data
Specification on Population Distribution [46] states that “There are many different kinds
of statistical data about human population: about people, dwellings, people at their work
place, etc. This document does not intend to provide specifications for all these. Common
characteristics have been extracted and represented into a generic data model. Using the data
model described in this specification, all statistical data regularly organized in tables or data
cubes can be provided in the INSPIRE framework.”

5.3.5 Utility and governmental services

According to the INSPIRE Directive, the Utility and Governmental Services theme “Includes
utility facilities such as sewage, waste management, energy supply and water supply, adminis-
trative and social governmental services such as public administrations, civil protection sites,
schools and hospitals” [47]. This theme has been divided into three sub-themes, one of which
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deals with “Utility networks”.
Utility services and networks include the physical constructions for transport of defined

utility products (namely pipelines for transport of oil, gas, chemicals, water, sewage and ther-
mal products), transmission lines and cables (included those for transmission of electricity,
phone and cable-TV signals) and other network elements for encasing pipes and cases (e.g.
ducts, poles and towers). All kinds of transmission utility systems have nodes (e.g. pump
stations), and they are linked to facilities for production and treatment of different kinds of
utility products. These major production and treatment sites are described in the “Production
and industrial facilities” theme, which is considered out of scope of this report.

Six important types of utility networks are distinguished, namely Electricity Network, Oil,
Gas Chemicals Network, Sewer Network, Telecommunications Network, Thermal Network
and Water Network. They have been designed to describe data in a structured model with
only the most basic characteristics, but adhering to the node-arc-node concept (taken from
the “Network” concept in the INSPIRE Generic Conceptual Model [48]), respectively for the
six types of utility networks (electricity, oil-gas-chemicals, water, sewer, thermal and telecom-
munications).

In the current data model there is not any semantic link between the utility networks and
the buildings connected to the networks. At present, the only way to extract information about
the connections between utility networks and buildings is by means of proximity GIS-based
analyses, using the point coordinates of the nodes of the network classified as deliveryPoints
(according to the Appurtenance Type values of the related codelists available for the six type
of utility networks) and the geometries of the possible connected spatial objects, e.g. build-
ings or addresses. The introduction of a deliveryPoint attribute in future extended versions
of INSPIRE data models for buildings, to be associated to the corresponding nodes of the
utility networks, would create a stronger semantic link, which would be more beneficial for the
application of some of the methodologies described in this report.

5.3.6 INSPIRE network services [4]

Besides the considerations above made, related to the fitness for purpose of some of the IN-
SPIRE data themes, the main advantage of INSPIRE consists in the discoverability of and
the accessibility to the harmonized data, by means of mechanisms and protocols commonly
agreed and implemented by INSPIRE data providers. In particular:

• Discovery services allow users to find the data available for their needs, searching infor-
mation e.g. about data content, data quality and conditions to access and use the data,
which is contained in metadata published in catalogues;

• View services allow users to view the data matching the search criteria and to make some
operations, such as overlaying thematic data on the maps served by the view services;

• Download services allow user to download the data matching the search criteria and to
make any further data processing.

5.3.7 INSPIRE data models extension [5]

For the thirty-four spatial data themes INSPIRE has defined several core data models, which
are legally binding for the Member States, with the ultimate goal to achieve cross-border and
cross-domain data interoperability across Europe. In order to achieve this goal, a set of use
cases have been analysed and have driven the definition of a minimum set of attributes and
properties for each core data model.

However, the semantic content of these core data models is sometimes not sufficient to
serve national as well as domain specific needs. Therefore, the core data models should be
properly extended, following the relevant rules defined in the INSPIRE Generic Conceptual
Model [49] and benefitting from the outcomes of the project recently concluded “INSPIRE
data specification extensions” [50].

But, as previously mentioned, whilst the INSPIRE core data models are legally binding for
Member States, the extended ones are draft and their endorsement process on behalf of the
INSPIRE MIG has still to be defined.

In conclusion, the role of INSPIRE can be potentially very beneficial for the application of
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the methodologies described in this report, in terms of provision of harmonized input and/or
output data. However, the potential benefits can be really achieved only if the INSPIRE
implementers will adopt the legal prescriptions pursuing the data usability beyond formal
conformance, e.g. providing also the information related to the optional attributes and fol-
lowing all the requirements and recommendations contained in technical guidelines (which are
not legally binding).

45



6 Conclusions

The assessment of EPB using real measured data (energy consumption and climate) is a fact
in our era. Europe should take benefit of the data which is being gathered from the buildings
and locations to improve the energy performance and the quality of the building stock.

The estimation of the energy footprint from the dwellings can be used to assess directly
the users of the buildings, recommending them actions to become more efficient and also
could be useful for regional governments to expand their knowledge and give them ways to
improve. Regarding the techniques that could be useful to estimate the energy footprint, the
majority of them require the availability of very detailed input data in order to succeed in the
assessment of the EPB (e.g. minutary consumption, indoor comfort sensors, disaggregated
energy consumption or detailed occupancy and behaviour patterns). This is the main issue
for the implementation of these techniques in a massive scale. Actually, does not exists any
standard methodology convenient for all kind of input data structures. Nevertheless, this
report demonstrate that the assessment of EPB is possible when some initial hypothesis are
made, the input data characteristics are known and the convenient technique is used. The
proof of it are the two case scenarios analysed in this report. The first one regarding an
in-situ monitoring data end-terraced dwelling, and the second one regarding a neighborhood
with data from electricity smart metering devices. In both cases the assessment of the EPB
was successful. However, the accuracy achieved, much better in the in-situ monitoring case
scenario, indicates that a broad research line is opened in this field.

From the point of view of the geographical scalability, this technical report offers a concep-
tual vision of a methodology to assess the EPB from the dwelling to the district level and higher
geographical scales, based on dynamic measured data from the dwellings and administrative
data which could be obtained in the framework of INSPIRE. The methodology considers two
common situations when handling real data, the first one considers the availability of con-
sumers names, location and personal information, and the other one where the data must be
anonymous in terms of detailed location and user information. In both cases, INSPIRE has
been envisaged as a potential source of input data for the assessment. Essentially, the main
difference within these two situations is that the assessment at the dwelling level could not be
provided in the second situation, as a consequence of the impossibility to merge the dynamic
measured data to the building administrative data. However, from district level to beyond,
very similar assessments could be done.

A solution for data protection issues is the implementation of the developed methods into
specific devices that communicate with the most modern smart meters described in Directives
2009/72/EC and 2009/73/EC for which the communication protocol has now been defined
recently. This next generation of electricity and gas consumption meters will send monthly
or daily readings to utilities for billing purposes and will allow users to control which detailed
information (e.g. high frequency consumption time series and location) would be available
and for whom. Thus, the assessment of the EPB would be done inside the dwelling, using
high frequency data without the requirement to send that data to external data centers, and
allowing users to choose if this information is publicly available.

6.1 Future work

Finally, the main research lines that should be deeper investigated are:

• The methodologies presented in case scenario 1 and 2 should be further developed with
the aim at obtaining the best accuracy as possible.

– In the ARX used for case scenario 1, more features like electricity consumption (to
take into consideration the internal gains) or the wind speed (to account for the air
infiltration) could be tested.

– In case scenario 1, discompose the solar radiation by the principal faades of the
dwelling, using the building characteristics. The same for the wind speed in combi-
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nation with the wind direction.

– Mathematical and building physics revision of the daily load curves modelling in case
scenario 2.

– Test other datasets for case scenario 2. Especially those which have information about
the HVAC systems of the users. This will simplify the initial statements considered
and will improve the accuracy of the output.

• The validation of the scaling up methodology in a real use case, in order to detect the
usefulness and understand better the advantages and drawbacks that could provide this
methodology.

• The analysis of the available administrative data in each Member State considering the
framework developed by INSPIRE.

• The extended revision of the factors used to detect similarity within geographical levels
with the scope of getting a better characterization of the geographic level, especially
regarding the districts level.

• Additionally, a potential synergy was envisaged during the presentation of the ELISE
Energy Pilot Seminar that took place on January 31th 2018 in JRC Ispra. At the moment,
there is a JRC team working with open-source hardware, especially in air quality weather
stations, and the SensorThings API, which is an OGC standard specification for providing
an open and unified way to interconnect IoT devices, data, and applications over the Web.
Considering the SensorThings API in the context of INSPIRE would not only provide a
possibility for the evolution of the infrastructure, but also contribute to obtaining input
data for the evaluation methodologies, in a simpler way. Thus, the collaboration of the
two teams could be beneficial for both in terms of researching the real application of
methods for the assessment of EPB using data provided by the SensorThings API.
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7 Acronyms and abbreviations

• ARX: Auto Regressive model with eXogenous variables

• CDD: Cooling Degree Days

• DHW: Domestic Hot Water

• DSO: Distribution System Operator

• EED: Energy Efficiency Directive

• EPB: Energy Performance of Buildings

• EPBD: Energy Performance of Buildings Directive

• gA: Solar radiation aperture

• GAM: Generalized Additive Model

• HDD: Heating Degree Days

• HTC: Heat Transfer Coefficient

• HVAC: Heating, Ventilation and Air Conditioning

• JRC: Joint Research Center

• NILM: Non Intrusive Load Monitoring

• OGC: Open Geospatial Consortium

• OT: Outdoor Temperature factor

• RC: Resistance and Condensers

• SC: Space Cooling

• SH: Space Heating

• SOM: Self Organizing Maps

• Ws: Wind speed factor
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