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The EU Energy Performance of Buildings Directive (EPBD) 2010/31/EU is a
step in the right direction to promote near zero energy buildings (NZEB) in a
step-wise manner, starting with minimum energy performance and cost
optimal thresholds for “reference buildings” (RBs) for each category.
Nevertheless, a standard method for defining RBs does not exist, which led to
a great divergence between MS in the level of detail used to define RBs for the
EPBD cost-optimal analysis. Such lack of harmonisation between MS is
further evident given the resulting large discrepancies in energy performance
indicators even between countries having similar climate. Furthermore,
discrepancies of 30% or higher between measured energy performance and
that derived from the EPBD software induces uncertainty in the actual
operational savings of measures leading to cost-optimality or NZEB in the
simulated environment. This research proposes a robust and innovative
framework to better handle uncertainties in the EPBD cost-optimal method
both in the building software input parameters and in the global Life Cycle
Costings (LCC), making the EPBD more useful for policy makers and
ensuring a more harmonised approach among MS. The concept behind the
proposed framework is the combination of a stochastic EPBD cost-optimal
approach with Bayesian bottom-up calibrated stock-modelling. A new concept
of “reference zoning” versus the ‘reference buildings” approach is also
introduced in this research, which aims at providing a simpler and more
flexible aggregation of energy performance for the more complex commercial
building stock.
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1. Introduction and objectives

The building sector is a substantial energy consumer accounting for around 40% of total primary
energy consumption and 36% of greenhouse gas (GHG) emissions in Europe [1] (at world level it
accounts for around 32% of the energy consumption [2]). The European Union (EU) has set ambitious
targets to reduce the domestic GHG emissions by at least 80% by 2050 compared to 1990 levels [3].
Within this framework, the existing building stock has the highest potential for energy savings [4], thus
calling for accelerated actions for deep building renovations [5]. The importance of such renovation is
highlighted by the fact that the building turnover rate is low and the building stock only renews by about
1% per year in Europe [6] (1-2 % per year [7]), and therefore existing buildings present the greatest
opportunity for energy efficiency improvement. Buildings renovation can reduce 80% of that 40% total
primary energy that is consumed by buildings in the EU, equivalent to 30% of the total EU primary
energy consumption [8].

Given the need to improve the energy performance of the building sector, there has been a
growing interest all over the world in building stock modelling that will allow the use of simulation tools
to achieve an accurate analysis and dynamic prediction of the energy needs and performance of building
stocks [9]. This is augmented by the fact that simulation models can predict and recreate visible
phenomena that are not normally observable or hard to predict [10]. If these tools are properly executed
and validated, they will become a great asset for policy makers in establishing appropriate energy
performance benchmarks and in promoting suitable support measures to reduce energy consumption
and CO2z emissions from the building sector. The strength in such tools lies in their ability to predict in
a dynamic way the current and future energy consumption and CO2 emissions scenarios induced by
different technologies, retrofit actions or policies [11].

As depicted in the Energy Performance of Buildings Directive Recast 2010/31/EU [1], the EU
has understood the importance for MS to have a clear understanding of their building stock prior to
establishing “cost-optimal” and “nearly zero” (NZEB) energy performance requirements for new and
existing buildings undergoing major renovation. MS are consequently required to define “reference
buildings” (RBs) that should represent “the typical and average building stock in a member state” [1].
Application and analysis of different combinations of measures to RBs using energy simulation tools is
required by MS prior to establishing such energy performance benchmarks.

The correct choice of RBs is therefore crucial to allow MS to obtain general energy performance
requirements consistent with the characteristics of their representative building stock. The cost optimal
energy requirement is the “energy performance that leads to the lowest cost during the estimated
economic lifecycle of the building” [1], while NZEB is a building that “has a very high energy
performance with a low amount of energy required covered to a very significant extent by energy from
renewable sources, including energy from renewable sources produced on-site or nearby"[1]. New and
existing buildings undergoing major renovation require abiding by the cost optimal energy requirements,
while NZEB requirements for public authority buildings will come in force by the end of 2018 and by
2020 for all other buildings.

Despite their crucial role, the identification of the correct choice of RBs for the different
residential and non-residential building categories identified in the EPBD is not an easy task, given the
large amount of geometric and non-geometric information required to correctly define them [11], which
are often difficult to obtain. In addition, there is currently no standard methodology or harmonised
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process for defining RBs [12], [13]. This led to a significant divergence between MS in the level of
detail used to define RBs for the EPBD cost-optimal analysis [12], [14].

Moreover, the minimum energy performance requirements for the different building categories
are calculated via the national calculation methodology, which employs conventional building energy
simulation software tools that are deterministic and do not consider inherent uncertainties in the building
and its subsystems. Such tools also have limitations in their accuracy given that they are only an
imitation of assumed processes defining energy transfer and consumption in a building. As a matter of
fact, for non-domestic buildings in EU countries, discrepancies of up to 30% [15], [16] or higher [17]
between measured performance and energy performances derived from the EPBD compliant software
have been reported.

Furthermore, a lack of harmonised approach to perform energy performance calculations among
member states (MS) have also been shown. D'Agostino [18] identifies divergence in the different end
uses and system boundaries considered by different MS for energy performance calculations, while
Kurnitski et al. [19] report a large disagreement between energy performance indicators even between
countries having a similar climate.

Inspired by the research of Booth et al. [20] and Sokol et al. [21], this paper proposes an innovative
framework that ensures a more robust and harmonised approach to the EPBD cost-optimal method. This
is achieved by the requirement for the (software) energy performance of RBs to be aggregated,
stochastically (Bayesian) calibrated and validated with measured energy stock consumption data via an
urban building bottom-up stock modelling approach. This will allow the EPBD to better handle and
quantify uncertainties in outputs and to encompass building stocks diversity which allows the definition
of comparable and more representative building energy performance benchmarks throughout the EU. In
addition, this calibrated approach will enable policy makers to better identify (actual) operational energy
savings induced by different policy measures for a particular building stock.

Furthermore, this research will also aim to counteract the difficulties of defining RBs for the less
standard commercial building stock by the use of innovative ‘reference zones’ meta-models instead of
the physical “reference buildings” currently applied in the EPBD recast [1]. Given that zones are situated
at a lower hierarchal level than buildings in stock modelling, it is hypothesised that they allow a more
flexible aggregation of energy performance data input at zone(s) level to any building typology and its
further aggregation to regional or national level.

Section 2 provides the basic background to this research. Section 3 details the proposed method
taking the non-residential hotel building stock as an example to help illustrate the method. Future
research is intended to apply and analyse the proposed methodology in this research paper to the actual
hotel building stock in Malta.

2. Background
2.1. The EPBD cost-optimal method

The EPBD recast [1] cost optimal calculation methodology is summarised below:
- Step 1: Define RBs for the various categories of buildings named in the directive;
- Step 2: Define and apply a set of packages of energy efficiency and energy supply measures to
these RBs (COMSs);
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- Step 3: Calculate the primary energy consumption (PEC) of the RBs for the various package of
measures;

- Step 4 : Calculate the difference in life cycle costing (dLCC per m? of a building) for any package
of measures, when compared to the RB as per EPBD recast [1] methodology;

- Step 5: Plot the results from the energy calculation (PEC) with the financial calculation (dLCC) as
shown in Figure 1. The left part of the curve, starting from the cost-optimal point, represents the
optimal solutions toward Nearly Zero Energy Buildings (NZEB), where the extreme left of the

curve is the Zero Energy Building (ZEB) optimal solution.

dLCC
[efm?)

Economic
oplimum

FPEC
[KWh/m?yr]

Figure 1: Plot showing the cost Optimum range (reproduced from [22])

2.2. Defining Reference Buildings

A standard methodology for defining RBs does not exist [14], [15], which makes the definition
of RBs complex and subjective. A lack of harmonised process led to a substantial divergence between
member states in the extent of detail when defining RBs as explained in [14], [16].

Given such lack of harmonisation, the EU projects (TABULA (2009 - 2012) [23], ASIEPI and
EPISCOPE (2013-2016) [24]) have aimed to create a harmonised structure for “European building
typologies” [9] for residential building stocks. This led to several research being published in the EU for
residential building stock typologies including [25]-[40]. These EU projects have however only focused
on the residential sector.

Despite the lack of standard methodology, Schaefer et al. [13] highlight that RBs in various
studies have been obtained using a similar two step procedure as follows:

- Step 1: The building stock under study is well-defined, according to factors such as its functionality
and climatic region;

- Step 2: Data is analysed to recognise the most recurrent and representative features of a stock, to
set up one or more RBs for that stock.

Corgnati et al. [12], inspired by Department of Energy (DOE) RB models [41], defined the
following four sub-sets of data that required to be collected for defining RBs in the EPBD as follows:

- Form

- Envelope

- System and
- Operation
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Furthermore, Ballarini et al. [9] categorises building topologies for the EPBD cost-optimal
method according to three parameters:

- Location related to the climatic area;

- Construction period;

- Building size and shape.

RBs belonging to each location, construction period and form are characterised by the analysis
and processing of building stock data via the application of one or a combination of the following three
methodological approaches for the EPBD:

“Example (Reference) Building” [12] or “RBv_exp methodology” [42] is used when no statistical
data is available and relies on experts’ assumptions and studies.

- “Real (Reference) Building” [12] also called “Real Average Building” (ReAv) [9] or “RBr
methodology” [42] is the most typical existing building of a certain category, with average
characteristics based on statistical analysis of a large building sample.

- “Theoretical (Reference) Building” [12], also called “Synthetical Average Building” (SyAv) [9] or
“RBv_data methodology” [42] is a virtual building known as “archetype” [43] having “a statistical
composite of the features found within a category of buildings in the stock” [43]. This method
includes “the classification of the building stock into clusters of buildings” [44].

Archetypes are the most used practice in literature [44], as this is the most realistic method, which
provides the best representative characteristics of the analysed samples. However, it depends on the
availability of statistical data.

Another interesting approach depicted in literature but which is not included in the EU projects
proposed methodologies for building stock analysis is “Brute Force” [44], which “includes the
modelling and simulation of each single building of a building stock”.

2.3. RBs for the non-residential building stock

The largest amount of published literature and knowledge on RBs and building stock modelling
in the EU is on residential building [14], [44] given:

- That residential buildings makeup 75% [14] of the EU building stock and are responsible for 63%
[45] of the EU final building stock energy consumption;

- The difficulties to model the largely diverse non-domestic building stock having multiple activities
and uses [14], [44], [46].

Given the difficulties to define RBs for the commercial (non-residential) building stock for the
EPBD, various literature has aimed for a customised approach to model the non-residential building
stock. For example, Gatt et. al. [47] proposed the concept of customised (cost-optimal) energy
performance benchmarks for school buildings in Malta. More recently, Buso et al. [14] proposed a
method to describe and model (non-residential) multi-functional buildings, based on the distinction
between their typical and extra energy uses and applied the concept to an Italian reference hotel.

1 The availability of Geographic Information System (GIS) and/or satellite imagery to estimate important geometric features
of buildings coupled to dynamic software simulation/meta-models (refer to [70]), automated zoning techniques (refer to [71])),
and Bayesian calibration applied to a building stock has however reduced the difficulties of using this approach. The innovative
concept of “reference zoning” proposed in this paper coupled with meta-models can further enable easier computation of the
“Brute Force” approach for the non-domestic building stock too.
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2.4. EPBD cost-optimal method uncertainties

The assignment of (single) deterministic values applied to building envelope, equipment and
schedules for calculating the primary energy of RBs, coupled with the subjective judgement in defining
RBs and the deterministic approach of assigning life cycle costs (LCC) input parameters? lead to many
uncertainties in the EPBD cost-optimal method, which include:

i. The validity of the resulting energy performance benchmarks based on the asset rating as derived

from the chosen RBs.

ii. The extent to which the derived benchmarks are representative of the building stock under study.

iii. The actual “operational” vs. “simulated” energy savings achieved by retrofitting a specific
category of buildings to the defined minimum energy performance and which measures are
suitable for promotion and/or incentivising in practice.

iv. The actual financial feasibility quantification of different energy efficiency and renewable energy
measures.

Quantification of uncertainty in iii. and iv. above is crucial to enable policy makers define any
required incentives for the cost-optimal measures found from the EPBD cost-optimal studies, to make
them cost effective.

The main limitation to handle and quantify the above uncertainties in the cost-optimal method
results because the EPBD applies a deterministic approach to predict buildings energy performance,
which does not specify the requirement for the energy performance of RBS to be aggregated,
stochastically calibrated and validated with measured energy stock consumption data via a ‘ ‘bottom-up”
building stock modelling approach, as described in Section 2.5.

Therefore, calibration with measured energy consumption data is essential to quantify uncertainty
in the RB models and increase confidence in the predictions of the chosen RBs and in the resulting
energy performance benchmarks. Such a calibrated stock modelling approach using RBs will enable
policy makers to predict in a dynamic way the current and future energy consumption and COz emissions
scenarios induced by different technologies, retrofit actions or policies for a whole region or nation and
thus increase the usefulness of RBs within the EU.

2.5. Building stock modelling approaches

In literature, building stock modelling has generally been categorised into two main approaches,
the ‘‘top-down” approach and the ‘“bottom-up” approach.

“Top-down models” are data-driven models [44] that investigate energy consumption or CO2
emissions of a building sector via historical data collections to evaluate the macroeconomic relations
between energy consumption and long term changes within the existing building sector under analysis
[14], [48]. The main advantage of top-down techniques lies in their use of widely available aggregate
data that simplify the analysis. Such modelling is generally faster and less costly, due to the reduced
requirements for collecting detailed descriptive data on buildings [43]. These models however do not
investigate individual building models, different technology options or energy end -uses.

2 Uncertain inputs to the LCC, including the capital and maintenance cost of COMs, are assigned as single (deterministic)
values instead of a probabilistic classification of values.
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In contrast, the “Bottom-up” modelling or “stock aggregation[43] works at a disaggregated level.
According to Swan and Urgasal [49], the bottom-up approach “encompasses all models, which use input
data from a hierarchal level less than that of the sector as a whole™

By calculating the energy consumption of individual end-uses, individual buildings, or groups of
buildings, these models can be useful for estimating how various individual energy efficiency measures
affect the primary energy and CO2 emission reduction [50]. These models provide a way to detect the
key areas of improvement and to identify the most cost-effective or cost optimal (combination of)
options to achieve carbon reduction or primary energy reduction targets, based on the different available
technologies and processes [51]. By working at a disaggregated level, such models allow the
development of the energy use trends of a sector without the need of long-records of historical data [49].
The main drawback of this approach is the requirement to input more detailed building information input
data which may be difficult and time consuming to gather.

Building stock engineering (physics based) models typically use the following procedure [11],
[49], [52]:

- Step 1: Develop RBs for a building stock under study as described in section 2.2;

- Step 2: Predict the unit energy consumption® for each representative building of a specific building
stock category, by using a building energy simulation tool;

- Step 3: Obtain the total energy consumption of the building stock category by aggregating the
predicted unit energy consumptions with proper weighting factors (e.g. the number of units or floor
area) for each RB.

The EPBD allows for energy performance calculations methods for RBs to be quasi
steady-state or dynamic in compliance with EN ISO 13790 [53]. Quasi stead-state methods require less
inputs and are faster to operate than dynamic models, but cannot effectively model demand-based
controls or track peak loads [54].

Full dynamic software simulations are commonly applied via a range of commercially available
software that include EnergyPlus [55], ESP-r [56], and TRNSYS [57]. The most popular software
simulation programs including EnergyPlus [55], ESP-r [56], and TRNSY'S [57] make use of the multi-
zone physical model approach [58], [59], in which a building under analysis is divided into zones and
the properties defining the thermodynamic state of each building thermal zone is characterised by
uniform state variables (temperature, pressure, concentration, etc.) [58], [59]. The multi-zone concept
of EnergyPlus [55] forms the basis of the “reference zone” approach developed in this research.

2.6. Tackling uncertainty in building stock modelling

The limitations and uncertainty issues in bottom-up engineering stock models are described in
detail by Booth et al. [60], Lim and Zhai [11] and Naber at al.[61]. Building engineering simulation
models, even when applied at single buildings level, are complex as they rely on many input parameters
that are highly uncertain. Thus, assumptions must be made to operate these models. The uncertainty

3 The unit energy consumption is calculated via the use of suitable normalising factor of the gross energy consumption. The
most common example of energy use intensity factor is the energy consumption per net floor area
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problem becomes more pronounced when studying a building stock, given that only a chosen and limited
number of archetypes can be used to represent the entire wide actual building distributions [61].

To incorporate and handle uncertainties, many studies have made use of stochastic energy models
for both individual buildings and for building stock models. Stochastic energy models combine
(deterministic) building energy models with the Monte Carlo (MC) sampling method to perform
stochastic analysis. In this approach, the input parameters for each defined archetype are assigned and
sampled randomly from a range of probable (input) building parameter distributions. This contrasts the
deterministic approach, where each parameter is assigned a single (deterministic) value. Stochastic
energy models therefore allow uncertainty and sensitivity to be analysed via the variations and
correlations between the input(s) and output(s).

In addition to the stochastic approach, calibration to tune the inputs in a model to match the
observed data with the model outputs is essential to increase confidence in the predictions of a building
stock model. Such calibration has proven difficult given that access to individual building data is rarely
available [21].

The calibrated procedure can be performed either by a manual and time-consuming procedure or
by an automated process that does not rely heavily on expert knowledge [62] i.e. using the probabilistic
approach. In the probabilistic approach using Bayesian calibration, the unknown (uncertain) parameters
to be calibrated are handled as random parameters with probability density functions [63] representing
prior knowledge. Such distributions are known as “prior distributions”, or simply “priors” [20].

To keep run times manageable for automated calibration, only dominant inputs having the highest
impact on the model are calibrated. The choice of dominant inputs is found via a parameter screening
method. Furthermore, to improve computational times, parameter screening is usually followed by the
generation of a meta-model (surrogate model), which is a simplified algebraic or statistical model [21]
replicating the more complex and detailed engineering based (building stock). This data-driven model
is generated from samples of training data usually via stochastic model runs [64].

Kennedy and O’Hagan [65] proposed a generic approach for the Bayesian calibration of computer
models. A Bayesian approach adjusts the “priors” based on evidence (measured data), as expressed by
Bayes’ theorem. The main outcome of the calibration process is the derived “posterior distributions”
To create a full Bayesian probability model, these “posterior distributions” can be combined with a
Monte-Carlo method. A validation procedure is finally required in which the calibration model output
is compared with measured data. Bayesian calibration has only been applied recently on an urban or
district scale to handle uncertainties in building stock modelling in studies which include [21], [52],
[60], [66], [67] .

3. Proposed EPBD cost-optimal approach

To reduce the uncertainties in the current EPBD cost-optimal method, and to provide a more
robust and harmonised approach among MS, an enhancement to the EPBD cost-optimal method is being
proposed. This combines the current cost-optimal method discussed in section 2.1, the bottom-up stock
modelling technique discussed in section 2.5 and the probabilistic Bayesian calibration approach
discussed in section 2.6. In addition, to counteract the difficulties of handling building stock diversity
for the commercial (non-residential) building stock as discussed in section 2.3, the concept of innovative
‘reference zones’ meta-models versus the physical “reference buildings” currently applied in the EPBD
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recast is being introduced. The proposed method* illustrated in Figure 2 is demonstrated in the steps
below by taking a hotel building stock under study as an example.

Step 1: Cluster the hotel building stock

Classify i.e. cluster the hotel building stock under analysis into an optimal number of archetypes
(RBs) according to different criteria based on literature review. Hotel building stock classification
can be based on climatic zone, star rating, building age, hotel operating period, and number of
bedrooms.

Step 2: Define hotel reference zone/s for each building cluster

Divide each hotel building stock cluster into “reference zones” keeping the heat transfer between
nearby zones and the exterior intact during simulation runs. Given that zones are situated at a lower
hierarchal level than buildings in stock modelling, the hypothesis is that a simpler and more flexible
aggregation of energy performance from zone level to building and even regional level is possible,
while allowing faster computational times. Different zones defined for hotels can include
bedrooms, halls, restaurants, kitchen and laundry.

Step 3: Quantify uncertainty in model input parameters for each defined hotel “reference zone” in
the form of probability density functions.

Step 4: Perform Parameter screening for each defined “reference zone”.

Step 5: Design simulation experiments to generate a meta-model for each “reference zone”.

Use the Monte-Carlo (MC) sampling or the Latin hypercube sampling (LHS) method to
stochastically simulate each defined “reference zone” using the dominant input parameters.
Generate a unit energy consumption meta-model for each defined “reference zone”.

Step 6: Create an annual energy consumption meta-model for each hotel building stock cluster.
Extrapolate the unit energy consumption meta-models for each reference zone to create a meta
model for each hotel and for the entire hotel building stock cluster. The entire hotel building stock
cluster is to be used for Bayesian calibration and is derived by the aggregation of ““reference zone”
meta models using proper weighing factors (such as floor area) for each zone.

Step 7: Perform Bayesian calibration of the uncertain parameters for each building stock cluster.
The Bayesian calibration is done using annual metered utility data of individual hotel buildings to
obtain posterior distributions of the calibration parameters (from prior distributions).

Step 8: Validate the Bayesian calibration using ASHRAE [68] normalized mean bias error (NMBE)
and the coefficient of variance of the root mean square error [CV(RMSE)] criteria.

Step 9: Define retrofit combination of measures to be applied to each hotel building stock cluster.
Step 10: Define uncertainty surrounding LCC parameters using probability density functions.
Step 11: Propagate uncertainty in the resulting primary energy performance and global costs
outputs. Use the calibrated building stock cluster meta-model with the posterior parameter
distributions to perform probabilistic sensitivity analysis using MC simulation to propagate
uncertainty in the resulting primary energy performance and global costs output under the
application of different combination of measures.

4 EnergyPlus [55] is the software simulation of interest for this study. The programming languages R [72], JAGS [73] and Stan
[74] can be used to perform the Bayesian analysis.
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- Step 12: Generate a Global cost (€/m?) vs Primary energy (kWh/m?/year) distribution plot. This
distribution plot is generated for each hotel building stock cluster to analyse the resulting
uncertainty in the cost-optimal energy performance for each building cluster.

- Step 13: Further analysis
Identify suitable policy measures and the calculation of potential energy savings from the hotel
building stock under study.

Step 1: Cluster the
Building stock

Defined clusters

Y
Define Reference
zones for each
cluster 1to N

Y
Prior uncertainty
Prior distribution of for each reference
selected parameters zZone
1 ) N Selectrion of calibration
parameters for each reference
S Y zone
Parameter
-t screening each
reference zone
Y
Unit energy
GIS/Plans/3D consumption
maps
P Meta-Model per Zone
Y
Building stock
cluster
Meta-model
\
Bayesian
calibration
\
Validation
Posterior distribution of
(| selected parameters L ]
1 N
n I\ n
LA LA L2 Global cost vs.
Probabilistic LCC parameters Primary energy
sensitivity < probabilty distributios [ | distribution plot per
analysis 1 N cluster
_-"I A

\_ Retrofit measures

Figure 2: Proposed EPBD cost-optimal approach (adopted from Heo [69])
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4. Conclusions

This research paper has proposed an innovative framework to better handle uncertainties in the
EPBD cost-optimal method both in the building software input parameters and for the global LCC. This
is achieved by converting the deterministic EPBD cost-optimal method to a stochastic one and
combining it with Bayesian calibrated bottom up stock-modelling. Such handling of uncertainties
incorporated with the possible quantification in operational savings via the application of different
combination of measures is intended to make the cost-optimal method more robust and useful for policy
makers while ensuring a more harmonised approach among MS when specifying minimum energy
performance requirements.

The new concept of “reference zoning” versus the “reference buildings” aims at providing a
simpler and more flexible aggregation of energy performance from zone level to level for the less
standard commercial building stock while also allowing faster computational times. Future research is
intended to apply and analyse the proposed method to the actual hotel building stock in Malta.

The aim s to apply this method to both current and future climates to analyse the impact of climate
change on the energy consumption of buildings. The “reference zone” approach can also be analysed
further to verify the possibility of using this concept to provide customised energy performance
benchmarks to the less standard commercial building stocks.
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