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Probabilistic building performance simulations enables a method for evaluating how the data quality
used to create input models affects the accuracy of the predicted energy performance. The method
described in this paper explores an uncertainty analysis of a fixed building design and system by includ-
ing the discrepancy between the declared property of a product, material, or behaviour quantified under
specific conditions, and the actual performance in real-world use. The method was tested using a case
study, a multi-family building, using two datasets based on different data quality to quantify the discrep-
ancies. The models’ outcome was validated against field measurements from 28 buildings built using the
fixed building design. The main findings were that data quality significantly shifted the probability den-
sity curves and consequently impacted the predictions and accuracy of the predictive models, showing
the importance of high-quality input models and a validation process based on a probability distribution.
The study also indicated that higher quality data does not equal narrower distributions in the input mod-
els. In this case, the case study showed that, despite well-known building properties, narrowing the per-
formance gap can only occur through larger variation in the input data models, resulting in a larger

predicted energy performance interval.
© 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
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ods to model and include the relevant uncertainties of the real
world in the input data of the predictions. The development to

1. Introduction

Many countries strive for continued reductions in energy
demand from buildings by implementing more stringent building
regulations to mitigate climate change [1]. Consequently, the
importance of accurate and efficient building performance simula-
tions (BPS) to predict the influence of different building designs on
energy performance (EP) is increasing [2]. As observed in earlier
studies [3-8], there is a performance gap between the predicted
EP - using deterministic methods for BPS - and the building’s
actual EP. Overcoming the performance gap is one of the main
challenges that remain with BPSs, according to Hong et al. [9].
One technique of identifying and quantifying the performance
gap is to use uncertainty analysis [10] based on probabilistic meth-
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include uncertainty quantification and stochastic parameters in
BPS appears to have started in the 1990 s and has developed since
then [11-13].

A state of the art review regarding uncertainty analysis in build-
ing energy assessment is presented by Tian et al. [10], showcasing
input data models, sampling methods and software available for
uncertainty analysis. Tian et al. identified the need for more
research regarding optimisation under uncertainty, focusing on
uncertain factors during the design phase. Using uncertainty anal-
ysis for decision-making by quantifying the risk of a building
design was proposed by Pettersen already in 1997 [13], and based
on the same idea, Sun et al. [14] developed a framework for risk
analysis using probabilistic simulations. However, their model
was never validated against a population of building with the same
design.

This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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One method that applies this concept was developed and tested
by Burke et al. [15]; later, Ekstrom et al. [16] applied the method
and expanded the method’s scope to include risk analysis. The con-
cept of a risk analysis is to quantify the probability and conse-
quence of an event occurring as a basis for quantifying a risk
level of a proposed building design. In this case, the unwanted
event, or failure, is defined as the building’s predicted or actual
EP not attaining the design criteria for the EP. However, the pre-
dicted risk level is dependent on an accurate prediction of both
the probability and the consequence. In the study by Ekstrom
et al. [15], the accuracy between the predicted probability of failure
based on simulations and the actual EP based on field measure-
ments (FM) was less than expected. Thus, investigating how to
accurately predict the probability of failure using a predictive
model and the model accuracy’s dependence on data quality is
necessary.

This study investigates how the data’s quality used to create
models for stochastic parameters affects the accuracy of the pre-
dictive model, created using uncertainty analysis, and how to
improve the accuracy of the predictive model. The prediction accu-
racy is evaluated regarding the trueness and precision of the sim-
ulated results compared to the reference values, i.e. actual EP based
on FM from buildings, illustrated in Fig. 1, as described in ISO 5725
[16]. The trueness refers to the proximity of measured results to
the true value, while precision refers to the measurement’s
repeatability or reproducibility [16]. The aim was to validate the
predictive model against the actual variation in EP in buildings
built with the same design quantified by FM. The aim was also to
investigate the influence of the decision-making process on the
probability of failure by using different options for the design cri-
teria as a sensitivity analysis. The options evaluated were identi-
fied from the original contracts from the built objects used in the
FM. The options showcase the influence and consequence of the
decision-making process and why the probabilistic process of pro-
ducing data enables a data-informed process for decision-making.
The process and results provide new knowledge about predicting
the performance gap using a probabilistic approach and how to
apply this knowledge to predict the probability of failure for a
building design during the design phase of the building process.
This also provides insight into how to approach the generation of
data sets that are more suitable for different objects or uses while
showing how incorrect data can impact the BPS results.

Although the method’s application in this paper is within a
Swedish context and based on Swedish conditions, it is not limited
to this specific use case. The climate’s influencing factor was
included deterministically, excluding uncertainties about this

Probability Trueness

density 4 N
Reference value
(Actual performance)

Predicted performance

Precision

Fig. 1. lllustration exemplifying the trueness and precision of the predicted
outcome compared to the reference value (actual outcome) based on terminology
from ISO 5725.
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parameter from the simulations in this study. The quantified
uncertainties are limited to those that could arise in the design
phase and during the first two years of building use. The quality
of the input data depends on the various sources that could be
obtained. In these cases, the input data is not explicitly related to
the measured objects since collecting data from all the individual
inhabitants or apartments would be too time-consuming and not
within this project’s scope. In these cases, the data quality was
evaluated qualitatively by the authors related to the studied
objects.

1.1. Types of uncertainties

Uncertainties in BPS originate from various causes. Examples
include; uncertain design choices; component properties; limited
data; the operator’s experience, knowledge and their interpreta-
tion of information; time-constraints; limitations in the simulation
software; and the deviation between designed and real-world
operation and occupant behaviour in the finished building [7,12].
The uncertainties can be divided into different classes, depending
on the source of the uncertainty. The classification of uncertainties
presented by Rezaee, R. et al. [17] clarifies and defines the different
types of uncertainties, as shown in Table 1.

1.2. Energy performance of buildings

EP was defined based on the Energy performance of buildings
directive [18] as delivered energy used in the building for space
heating, domestic hot water (DHW), and electricity for building
services. The process for calculating the EP was based on the Swed-
ish building regulation [19]. The building’s EP (kWh-m2-a’!) was
defined as delivered energy used per year (kWh-a!) in the building
for space heating (Esy), DHW (Epuw), and electricity for building
services (Eggs) divided by the floor area (Acemp) (m?) and calculated
according to eq. (1). The floor area referenced in this study is the
heated floor area if not otherwise stated. Active cooling is uncom-
mon in Swedish residential buildings and was not available in the
case study buildings. Thus, cooling is excluded from the method
described.

_ Esy + Epuw + Egss

EP
Atemp

(1)

1.3. Influencing factors and sources of uncertainty

Six main factors influence the EP of buildings according to
Annex 53 [20]; 1. climate, 2. building envelope characteristics, 3.
building services and energy systems characteristics, 4. building
operation and maintenance, 5. occupant activities and behaviour,
and 6. indoor environmental quality provided. Within each influ-
encing factor, there are various sources of uncertainty affecting
the actual performance of a factor. Based on the categories of influ-
encing factors and the types of uncertainties, examples of sources
of uncertainty found in the literature are described below.

Table 1

Classification of uncertainties in BPS [17].
Type Description
Numerical Computational and numerical imperfections
Modelling Modellers interpretation and abstraction of reality
Scenario Boundary conditions, a scenario for building use
Design Parameters with a specific design decision, physical

uncertainty quantifying variability in material properties
Design Uncertainty in the evolution of the design
Undecided
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1.3.1. The building envelope

The building envelope includes various building elements that
consist of several dissimilar materials and layers that affect the
thermal transmittance of the building elements. These variations
in the individual elements influence the overall thermal perfor-
mance of the building envelope. In studies investigating and
optimising a building’s design space, the design undecided uncer-
tainty is often included for the building envelope, i.e., by includ-
ing alternative designs, the external wall’s specific design is
included as an uncertainty. However, even if the component’s
design is known, eliminating the design undecided uncertainty,
the design decided uncertainty remains. An example of quantify-
ing the design decided uncertainty for mineral wool’s material
property and a window element’s thermal transmittance can
be seen in Burke et al. [21]. Using data from laboratory tests -
commissioned by the Swedish National Board of Housing, Build-
ing and Planning - observations show a discrepancy between the
real-world performance of mineral wool batts [22] and thermal
transmittance of windows [23] and their declared values. The
discrepancy highlights the relative deviation and stochasticity
of parameters commonly assumed to be deterministic. Another
source of uncertainty is the airtightness of the building envelope.
Even when constructed according to specification, the perfor-
mance depends on the workmanship during the construction
process. When measured, significant deviations can be found
regarding the airtightness at both a local level, for example, sep-
arate apartments of a building, and a building level — which can
be seen in Wisth [24]. There are even differences at a building
stock level, as shown by Fahlén et al. [25] when evaluating a
neighbourhood of 26 identical buildings where the building
envelopes were manufactured on an on-site factory. Another
often ignored uncertainty is the built-in moisture losses. Two
common energy losses can occur due to moisture in building
materials. The first, which is considered in this project, is when
moisture from the building materials, for example, concrete,
evaporates into the indoor air. This process requires energy
[26,27]. The second example, which is not relevant to the case
study and thus excluded from this study, is when moisture is
trapped between two impervious layers, and the moisture evap-
orates and condenses between the warm and cold sides. One of
the earliest energy calculation programs to incorporate this was
WUFI Plus, 2003 [28].

1.3.2. The HVAC system

The heating, ventilation, and air conditioning system consists of
several systems and products to ensure the indoor climate and EP.
This system has several sources of uncertainty. An example of this
is the air handling unit (AHU) used for mechanical ventilation in
this study’s case building, a central unit servicing the whole build-
ing with a constant air volume system and a rotating heat exchan-
ger. Connected to the AHU is the forced kitchen hood ventilation
function, used when cooking food to increase the airflow and
bypass the heat exchanger to avoid contamination. This system
introduces a scenario uncertainty on how often and for how long
each occupant uses this feature. The supply and return airflows
are designed and built to specific flows. However, the allowed vari-
ations in the measurement and calibration standards [29] intro-
duce design decided uncertainties for the actual airflow. Other
examples of uncertainties affecting the AHU’s performance are
the heat exchanger’s efficiency, supply and exhaust fan efficiencies,
and the temperature setpoint controller for the supply air. The
specific fan power depends on the total resistance in the ventila-
tion system, which is dependent on, i.e. the length, number and
angle of bends, and smoothness of the ducts and the filter’s
resistance.
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1.3.3. Occupant activities and behaviour

Research has shown that the occupant activities and behaviour
significantly impact a buildings’ EP. The influencing factors are dif-
ferences in occupant’s culture, lifestyle, occupation, and prefer-
ences [30]. Dividing the occupants’ impact on the EP of a
building into factors introduces the following parameters. The
number of occupants in a space, the age and size of the occupants,
when the occupants are present in the space, how they move and
act in that space, the intensity and type of activity, the heat gain
from the occupant, the household electricity, the DHW use, the
preferred indoor temperature setpoint, the opening and closing
of windows or usage of blinds, and usage of the kitchen hood
fan. In a building stock, all these parameters are stochastic and
thus challenging to model and predict.

1.3.4. Other factors

The design phase introduces other sources of uncertainty. An
overarching and significant factor is the heated floor area, Atemp
(defined by BBR [19] as the floor area in m2 heated to above ten
°C), used in the EP normalisation process. The floor area is com-
monly quantified either by measurements from drawings or as
an output from a building’s computer model. The output from both
methods are dependent on the interpretation and accuracy of the
person performing the measurement. The uncertainty regarding a
building’s actual heated floor area was one parameter that
emerged during a BPS competition held in Sweden [31]. During
the competition to evaluate which contestant could best predict
the actual EP, an unexpected variation in the evaluated building’s
heated floor area emerged when evaluating the answers [32].
Pasichnyi et al. [33] quantified a significant deviation - ranging
from O to 120 per cent - in a study where the declared heated floor
area for the same objects (15 068 metering points) from two data
sources - the database for EP certificate and the district heating
suppliers - were compared for inconsistencies. These examples
highlight the impact of the modellers’ interpretation of the prob-
lem and introduce a modelling uncertainty source. The deviation
significantly impacts the quantification of a building’s EP.

Thermal bridges are another example of modelling uncertainty.
The thermal bridges are sometimes included in BPS using a simpli-
fied method, for example, quantified using a standardised value -
in per cent — added to the building envelope’s overall heat trans-
mission coefficient. Studies by Berggren et al. [33] have shown
how imprecise the simplified method of including thermal bridges
is compared to calculated values. While using the standard value
for thermal bridges is a flawed method, it is advantageous in early
phases when details of the building envelope are undecided (intro-
ducing the design undecided uncertainty). The more precise method
of modelling and simulating thermal bridges’ geometry requires
that the design (or design options) and materials are known while
introducing a modelling uncertainty regarding how the modeller
interprets and approaches the problem, as shown in Berggren
et al. [34]. In this study, an experiment was performed to quantify
the modelling uncertainty for thermal bridges; see section uncer-
tainty quantification. These parameters and more were quantified
and modelled in this project.

2. Methodology

This study further develops and demonstrates a practical appli-
cation of using a probabilistic approach to quantify a buildings’ EP
previously developed by Burke et al. [35] and include the proba-
bilistic approach in risk analysis as evaluated by Ekstrom et al.
[15]. The selected research strategy to evaluate the impact of data
quality on the prediction model’s accuracy when using probabilis-
tic methods to quantify a buildings’ EP was the case study. In the
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case study, two datasets with different data quality levels were
applied to the same building design and using the method to quan-
tify the effect of data quality, see section 4.1 Scenarios. The scope of
the current version of the method does not include how to perform
design space exploration, although future versions of the method
could likely implement this aspect. Methods for exploring the
design space has been developed by others, from the manual pro-
cess by Ekstrom et al. [36] to more automated processes as by
Ostergdrd et al. [37].

The study does not include all uncertainties that impact a build-
ings’ EP. Of the uncertainties described in section 1.1 Types of
uncertainties, the numerical uncertainty was ignored in this study.
The design undecided uncertainty was eliminated by using a speci-
fic building design as an example in the case study presented
below. An expanded interpretation of the design decided uncer-
tainty was used in this study to include factors from the construc-
tion process that could affect the parameter’s value, i.e., the
airtightness’s performance based on workmanship; thus, the
expectation was that the results do not predict the measured per-
formance’s variation and shape with perfect precision. The sources
of uncertainty included for this study’s stochastic parameters were
identified based on the building contractor’s perspective and a pro-
ject using the Swedish regulatory benchmarking system’s design
criteria for the EP. According to this system [19], the building’s
real-world performance must be verified within the first two years
of use. Thus, the parameter uncertainties included in this study’s
case study were limited to those that could occur during the design
phase until the first two years of use.

The case study building was selected based on defined criteria
while focusing on two key aspects: testing the hypothesis and val-
idating the probabilistic method. For this, a building design used
for multiple existing buildings was needed, and where the EP
was measured to enable the comparison between predicted and
actual EP. Several perspectives, such as the study’s aim and other
limiting factors, i.e. time, cost, and quality, were considered within
these two aspects. The case selection criteria reduced the list to
one viable option, with high-quality data regarding the buildings’
actual EP, built multiple times based on the same building design,
with measured data available for analysis. The selected option was
a multi-family building based on a product design built all over
Sweden where the EP is measured and already compiled in a data-
base for extraction and analysis. There were no options where mul-
tiple buildings with the same design had been built in the exact
same location in enough numbers. Instead, a normalisation process
was decided on and applied to the buildings’ FM since the same
design was used in various locations.

The outcome of the case study - the output from the simula-
tions using the two datasets - were validated against observations
from FM of the actual EP in buildings built according to the evalu-
ated building design. The evaluation was performed in a double-
blind setting. The compilation of data and creation of the input
data sets, simulations, verification of the results, and creation of
predictive models were performed before the compilation of FM
to quantify the actual EP, not to influence the uncertainty quantifi-
cation process. The FM were used to evaluate the impact of data
quality on the predictive model’s accuracy. The data for actual EP
were compiled from NCC’s internal database, containing data from
buildings constructed by NCC and otherwise used for the verifica-
tion process according to the Swedish building regulation (see sec-
tion 4.3.1 Field measurements).

A normalisation process was needed to validate and compare the
predicted and actual EP by eliminating the effect of unwanted fac-
tors from the data. The normalisation process for buildings’ EP
enables benchmarking various buildings and building designs
against standard design criteria. Using a building stock introduces
several unwanted effects in the collected FM alleviated by a nor-
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malisation process. For the FM, the primary factor to be removed
was the objects being in various geographical locations, thus hav-
ing different climates. Another effect is that the measured data are
from different years, and the weather differs from year to year.
Thus, the normalisation process was applied to space heating, both
simulated and measured; see description in section 4.3.2 Normali-
sation process.

3. Uncertainty quantification and analysis framework

The developed method for uncertainty quantification of input
data and uncertainty analysis using probabilistic BPS methods is
described below, starting with an overview. The uncertainty quan-
tification process was divided into several steps, illustrated in
Fig. 2. The first step was to identify influencing factors for a build-
ings’ EP and, for these factors, define and classify types and sources
of uncertainties. The next step was to identify data sources for the
uncertainty quantification of the identified types and sources of
uncertainty and classify the data sources using the definition of
data quality. Next was the uncertainty quantification, using com-
piled data and models from various sources to define and create
the probability density function (PDF) used for sampling input
data. The last step was to perform the BPSs and visualise and anal-
yse the results to quantify the probability of failure. More detailed
descriptions of the steps are in the sections below, followed by
applying the method in section 4 Case study.

3.1. Parameter uncertainty - Identification, classification,
quantification, and modelling

Identifying parameter uncertainties and dependencies influenc-
ing a building’s EP throughout the building’s life cycle began with a
diverging phase. Using a top-down approach where all parts of the
building impacting the energy balance were separated and struc-
tured based on the project group’s prior knowledge and experience
and knowledge gathering through literature search and review.
The focus then switched to how uncertainties impact the parame-
ters. The uncertainties associated with BPS and modelling parame-
ters can be divided into different classes depending on the source
of uncertainty. The classification of uncertainties presented by
Rezaee, R. et al. [17] clarifies and defines the different types of
uncertainties, as shown in Table 1. The definition of the types of
uncertainties was used to classify the sources of uncertainty iden-
tified in this study. How the sources of uncertainty were either
excluded or included and simplified in the building model is also
described. There are sources of uncertainty regarding the actual
performance within the influencing factors described above, as
exemplified in section 3 Influencing factors and sources of
uncertainty.

A qualitative method was used to evaluate factors by describing
the identified parameters in a master list containing; classification
of the parameter divided into influencing factors (1), the phase of
the building process in which it occurs (2), and types of uncertain-
ties (3) impacting the parameter. When the master list had been
created, the converging phase began, reducing the number of
parameters included in the study based on the study’s scope, pri-
oritisation, and limitations. The sources of uncertainties for the
stochastic parameters were categorised as either main- or sub-
parameters. For parameters with sub-parameters, the sub-
parameters were combined to quantify the main parameter varia-
tion. The parameters’ dependency determined how this combina-
tion was performed, either through multiplication or addition.

The parameters are included in the building model either inter-
nally in the dynamic simulation or externally as a fixed addition.
The numerical value for each relevant parameter of the simulations
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Fig. 2. Overview showing the steps of the method.

were quantified either deterministically, using the same value in
all simulations, or probabilistically, using a sampled numerical
value from the PDF for each simulation, as shown in eq. (2). Prob-
abilistic parameters (x) will be subscripted by “i” (x;) to indicate
changes in values for each iteration. The parameter models that
could not be included internally as a dynamic parameter in the
simulation model are included as external parameters. These mod-
els represent the total energy losses for the specific parameter and
are instead added as extra energy losses to the simulated results, as
a numerical fixed value sampled from an assigned probability dis-
tribution in each iteration simulated. Thus, no share of the heating
losses are included as internal heat gains.

y :f(xm,der.inr. + Xn,prob.int,.i) + ch,det,exr. + Xl.prob.ext.,i (2)

3.2. Uncertainty propagation and sampling method

The probabilistic method requires a large set of outcomes to
enable statistical analyses. A process of multiple simulations -
using randomised input data for the stochastic parameters (X)
and constant values for the deterministic parameters for the itera-
tions (i) - was used to produce the dataset. A sampling method that
can handle various input data types - with different units and vari-
ations - was needed to use the probability distributions for gener-
ating input data for simulations. This study chose the Monte Carlo
method because of the focus on quantifying the building design’s
aggregated uncertainty. The random sampling method was used
to maintain the uncertainty propagation throughout the process.
Using the random sampling Monte-Carlo technique, a numerical
value for each parameter and iteration was sampled from the
stochastic parameter’s cumulative distribution function (CDF) to

create a dataset, represented by the n-by-m sampling
matrix X (see eq. (3)).
X110 Xim
X=X Xo, - Xl = | ¢ 3)
XN1 o XNm

The last step was to use the sampled dataset to evaluate the
building model N times, once for each row of the sample (3), cre-
ating an input-output map within the input space defined by the
uncertainties and for each dataset and compile the obtained out-
put, N possible results, see eq. (4):

Y, f(X1,17X1,2~,"',X1.m)

_ f(XZ.l,XZ,L <, Xom)

7= Y2 _ (4)
In F(xXn1XN2, -, XNm)

3.3. Uncertainty quantification

The next step was to quantify the uncertainties using the list of
parameter uncertainties identified in the previous step. The focus
was on quantifying uncertainties from all types of uncertainties
to showcase how this could be performed, including several
sources of uncertainty for the same parameter. The primary
method used for uncertainty quantification was the compilation
of data from various literature sources. Data triangulation was
used when possible when creating this study’s models to enhance
the credibility of the researcher’s data, models, and results. The
variation could be estimated with increased confidence by finding
multiple sources that quantified the same parameter uncertainty.

Based on the types of uncertainties presented in the section in-
troduction, examples of these uncertainties were identified, and
models for quantifying the uncertainties were compiled or created.
Where no prior model was available, or the dataset was limited,
expert estimation was used to determine the variation and shape
of the PDF for the parameter, using the design value or standard-
ised data as a basis.

Regarding the modelling uncertainty, few examples were found.
Instead, this was quantified using an experiment where multiple
modellers tried to solve the same problem, using the same soft-
ware, method, and source material. The difference in output could
be attributed to the modeller and their prior knowledge and inter-
pretation of the problem. The aspects influencing the modellers are
dependent on the group or company’s culture and routines. Thus,
this quantification will be case dependent but could give a general
indication of the uncertainty.

3.3.1. Data collection, quality, and sources

The data and models were obtained from various sources. The
data handling process used in this study to compile, analyse, and
model using data is as follows:

1. Define questions and objectives - How and for what will the
data be used.

2. Data gathering - performed through a literature search using
the databases. The compiled data was prioritised by empirical
evidence (1), theoretical calculations or modelling and simula-
tions (2), estimations based on experience (3).

3. Data quality - When compiled and structured, the data’s quality
needs to be assessed before it is used for further exploration,
analysis and modelling used for decisions.

The data validation and verification process in this study for
assessing and ensuring the data quality used the following two
steps:

I. Data validation, ensuring that the data is within an accept-
able range.
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II. Data verification performs a check of the data to ensure that
it is accurate, consistent, and reflects the intended purpose.

The data that did not pass the validation and verification steps
were excluded from further analysis, i.e. an object’s attribute was
missing and this could not be solved, then the object was excluded
from further analysis. The data was then visualised using different
plots, i.e. scatter plots and density plots, to identify any outliers
that needed further investigation before being either included or
excluded. However, the most common limitation was the lack of
data. Passing this step, the data was then used to create a model
and implemented in the simulation.

3.3.2. Input data - Stochastic parameters and probability density
functions

Performance data (observations) or estimations are compiled
and analysed to determine each stochastic parameter’s distribu-
tion. If performance data is available, the distributions are con-
verted to a probability distribution. If only limited data were
available, the data were used in combination with an estimation
based on experience to determine the variation and the most rele-
vant distribution. The stochastic parameters included in the study
after the identification and information gathering phase was
described by; what real-world event or effect the stochasticity
model aims to imitate, how the parameter uncertainty was identi-
fied, and how it was quantified and modelled. The scaling and
shape of the distribution are described and summarised in section
5 Results. If a model for a stochastic parameter was found during
the literature search, and the model was deemed applicable to this
study’s aim, it was implemented and used. If no model was avail-
able, a shape was assigned based on the data available. When esti-
mated, the distributions’ shapes are simplified into two
distributions: uniform and triangular, see Fig. 3. The triangular
could be either symmetric or skewed. The triangular distribution
was used for most naturally occurring phenomena to simplify
the normal distribution. This simplification was used to resolve
the issue with unrealistic numerical values for input data, e.g. a
negative number of people. The uniform distribution was used
when there is a lack of data indicating a more suitable distribution.
The skewed triangular distributions exemplify an expected perfor-
mance that could not be either below or above this level; however,
because of various causes, it could be either reduced or increased.
It is important to note that the input data were based on a known
design (Case Study) and the distributions were for specific material
and component properties. The exception was with user-behaviour
related parameters since it is complicated to measure these in
Sweden due to privacy laws. See 5.1 Parameter uncertainty and dis-
tributions for parameter values.

3.4. Building performance simulation

Performing the BPS begins with creating an abstracted version
of the building as a model in the BPS tool using a three-

Triangular Uniform

Ab 418

Symmetric Skewed right Skewed left

Fig. 3. Illustrates the probability distributions assigned to the input data in the
energy simulations of the case study, symmetrical triangular distribution (Ts),
skewed triangular distribution, right (Tsg) or left (Ts.), and uniform distribution (U).
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dimensional model-builder and the building characteristics, with
a numerical value for all relevant parameters, as for any determin-
istic BPS. This project used a customised version of the commercial
dynamic energy simulation software IDA-ICE, developed by EQUA
[38], to enable the probabilistic approach for BPS. The customised
version of the software has the option of performing the process of
sampling input data from probability distributions, running the
multiple simulations, and logging the results required for the prob-
abilistic energy calculations compared to the previously manual
labour of performing this process, often being a limiting factor
for using the uncertainty approach. The probabilistic approach
results in N outcomes - N being the chosen number of simulations
- based on variations in input and consequently a variation in out-
comes, used as the basis for a probability distribution from which
the predictive model is created. The process of including uncer-
tainty is different from the deterministic approach of using a single
value for each parameter resulting in a single output value. The
performed simulations were dynamic and had a simulation period
of one year with a time step of one hour to match the measured
data’s fidelity and enable the model’s validation compared to the
FM.

3.4.1. Building model resolution - level of detail

Before creating a building model and implementing quantified
uncertainties, an important aspect to decide on is the level of detail
or granularity to use. A building model is divided into zones. These
zones could be on the whole building level (single-zone model) or
divided into smaller zones (multi-zone model), with alternatives
such as the whole floor plan, whole apartments, or rooms, and is
often based on how parts of the building will be used. The decision
about the level of detail for the building model determines the
level of detail when deciding the source and model used to quan-
tify the included parameters’ input data. In this study, the stochas-
tic parameters were either assigned on a global level - with one
sampled value for the whole building model - or on a local level,
with one sampled value for each building model zone. The chosen
level of detail and model type determines how to define the input
data. An example of how the used level of detail impacts the model
is the parameter household electricity, where the standardised
value in Sweden for household electricity is 30 kWh-m2-a’!,
according to BEN2 [39]. However, in recent years the use of
energy-efficient household appliances has increased, possibly
reducing the household electricity compared to the data used as
the basis for the standardised value. Instead of using an average
value for the whole building, a study by Westin et al. [40] pre-
sented a more detailed model for household electricity at the
apartment (local) level. This model was based on measured energy
use for household electricity from over 3000 apartments in newly
built Swedish multi-family buildings. An example of using this
model with sampled values at the local level for the case building
is presented in Fig. 4. When applying this local level model for
household electricity to the case building’s local level, the resulting
variation and distribution of the building’s aggregated household
electricity are shown in Fig. 5. The difference between these distri-
butions shows the importance of using assigned distributions and
variations based on data and models for the correct level.

3.5. Probability of failure

The use of a probabilistic approach to quantify and predict the
EP of buildings enables the quantification of the probability of fail-
ure. A method used to quantify the probability of failure, based on
probability theory, is the Bernoulli’s Theorem [41] using Bernoulli
trials, where the experiment is defined so as an event - a set of out-
comes - has only two outcomes; these outcomes are either success
or failure. Success (p) includes the observations that the event
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Fig. 4. An example of PDF for the household electricity at a local level was found in
Westin [40] and implemented in this study’s case building.
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Fig. 5. The aggregated household electricity for the case study building when
sampled using the PDF in Fig. 4.

occurred, and the specified conditions were met, and failure (q)
includes the observations that a complimentary - unwanted -
event has occurred. The probability of these options can then be
presented using eq. (5):

1=p+q (5)

The probability of either success or failure can be calculated
using eq. (5). The unwanted event in this study is the EP not fulfill-
ing the design criteria. Based on this critical condition, the proba-
bility of failure needs to be quantified using the aggregated
distribution for design options’ EP, as described in the study by
Ekstrom et al. [15]; an example of how to determine the probabil-
ity of failure using the CDF is shown in Fig. 6. A vertical line from
the horizontal axis represents the level required to fulfil the design
criteria - starting from the design criteria for EP - up to the CDF
curve and then a horizontal line out to the vertical axis to quantify
the probability of failure (q).

4. Case study

This section describes the case study building, the options for
design criteria influenced by the decision-making process, the
two scenarios used to quantify the impact of data quality, the
quantification of the uncertain parameters included in the scenar-
ios, and the validation process for compiling FM and comparing
predicted and actual EP. The building used for the case study was
based on a standardised product of a multi-family tower building.
This product was built with minor changes all over Sweden, with
measured data accessible to the research project. The original val-
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Fig. 6. Illustration of a CDF (blue S-shaped curve) based on observations of EP for a
building - either predicted or actual. The vertical axis shows the two outcomes of
the Bernoulli trial - success (p) or failure (q) - used to quantify the probability of
failure. The level is decided based on the design criteria for EP (red dashed line) on
the horizontal axis and the CDF curve. (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)

ues for parameters used in the BPS of the product are shown in
Table 2. Electricity for building services include the electricity used
by the technical systems for heating, ventilation and DHW, includ-
ing fans, pumps, electronics, electrical energy input to ventilation
systems and heat recovery systems, lighting in common areas,
and the elevator. The household electricity is excluded from this
comparison, and active cooling is not available in the building.

The design criteria for the building product’s EP was initially 80
kWh-m~2-a"'. However, when compiling data from the objects, the
data for contracted EP showed objects deviating from the national
building requirement and general project requirement with a more
stringent level for the design criteria. The identified levels were
used as a basis for the evaluation regarding how the choice of
design criteria impacts the probability of the building design fulfill-
ing the requirements: National building regulation (dependent on
geographical location): 90-130 kWh-m~%-a”'; General project
requirement: 80 kWh-m~2-a™'; Specific project requirement: 65,
70, and 75 kWh-m2-a’!.

4.1. Scenarios

The two scenarios — S1 and S2 - are used as examples to show
the impact on accuracy by using various sources to compile data
with differing quality and granularity and by using different mod-
els to quantify uncertainties. Thus, whenever possible, the datasets
were compiled from different data sources. When a source of
uncertainty was only possible to quantify using data from a single
data source, this was assigned to both scenarios. It is explicitly sta-
ted if both scenarios used the same model and data for parameters.
For parameters with the building envelope and building services
characteristic decided by the building design, both scenarios pri-
marily used the design value while adding quantified sources of
uncertainties to the parameters, thus changing the distribution’s
scaling and shape.

The first dataset’s - scenario 1 (S1) - was defined to showcase a
minimum data quality level when simulating a known building
design (within acceptable standards). The basis was the standard-
ised input data from the Swedish building regulation’s benchmark-
ing system, where the deterministic models for parameters were
assigned probability distributions using standardised input data
and expert elicitation for the quantification process. Thus, S1 uses
a combination of (1) specific design values for the building design
and standardised values for parameters with unknown design
value - i.e. occupant dependent parameters - from the data sources
Sveby [42] and BEN [39], and (2) expert elicitation to estimate the
variation and distribution of the parameter based on the value
from step 1 and the experience within the project group.
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Table 2
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Deterministic parameters and design values from the original deterministic model for the object simulated, values in brackets () indicates that the parameters are included

probabilistic in this study.

Group

u3 R&K
m2 R&K
m Staircase

0

s

Parameter

General Location
Geographical coordinates
Floor area

Number of floors
Infiltration model
Building model - Zones

Building model - Zone types

Building Envelope components -
External walls - Heavy
External walls - Light
Roof
Floors towards ground
Windows - Main Entrance
Windows - Apartments
Doors - glazed
Doors

Schedules and intensity AHU schedule

Occupant activity & schedule

Household electricity schedule

Electricity for building services: Elevator electricity
Pump electricity

External lighting

Deterministic value

Malmoe (for simulations, not measured objects)

Lat.: 55.592 N, Long.: 13.025 E

2570 m?

8 + room for central air handling unit

Wind-driven, semi-exposed

Total: 52 zones, of which: 37 residential zones, 15 non-
residential zones

Residential: 2 R&K = 21 zones, 3 R&K = 16 zones, Non-
residential: Mechanical room, staircase (9 zones), storage
room (2 zones), bicycle storage room, laundry room, room
for central air handling unit

Surface area Thermal transmittance

453 m? (0.18) Wem2-K"!
926 m? (0.14) Wem 2K "
301 m? (0.11) W-m~2-K!
307 m? 0.21 W-m~2.K"!
3 m? 1.2 Wem 2.K™!
241 m? (1.0) W-m2-K~!
79 m? (1.1) Wem~2K!
3 m? 2.1 Wem2.K!

Always on, 100%

Activity: 0.8 MET, Schedule: Home 14 h [ day (00-08, 18-
24), away 08-18

Always on (00-24), at 70% (30% not internal included as
internal heat gain)

Usage: 50 kWh per apartment per year. Lighting: 350 kWh
per year.

It is quantified as an addition of 1 per cent of the space
heating (dynamic).

200 kWh per year.

The second dataset, scenario 2 (S2), aimed to improve the data
quality and models for all identified uncertainties, based on speci-
fic data gathered from public sources - from studies focusing on
quantifying specific parameters - and either implementing existing
or creating new data models with probability distributions. The
level of detail was also increased, including more parameters on
a local level and based on more detailed data.

4.2. Uncertainty quantification and modelling of stochastic parameters
- data and models

The stochastic parameters of this study are described below
using the above-described process of uncertainty quantification
and modelling. Following the process, the description includes
what type and source of uncertainty were modelled and what
method, data, and data source was used to create the models. Also
described was the model’s level of detail, the probability distribu-
tions, how it differs between the two scenarios and any other lim-

itations applied to the parameter. The quantified uncertainties are
summarised in Table 4.

4.2.1. Internal stochastic parameters

Heated floor area, Asemp — The source of uncertainty included as
a modelling uncertainty is the inaccuracy of measuring the build-
ing’s heated floor area from drawings. The variation was estimated
to + 2 per cent from the measured design value for the heated floor
area. A triangular distribution was assigned and used at the global
level. The used variation is smaller than the variation shown in the
contest where this uncertainty was identified [31], or the study
[33] evaluating the difference depending on the data source used,
mentioned earlier, see section 1.3.4 Other factors. However, the
effect of using various sources was exemplified by the two scenar-
ios, where the design value differs between S1 and S2 while keep-
ing the relative variation the same. S1 was estimated based on the
building model’s heated floor area, while S2 was based on the mea-
sured floor area from drawings. The difference in design value
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between S1 and S2 is significant compared to the quantified uncer-
tainty variation and showcases the difficulty of quantifying the
heated floor area depending on its source and how it could impact
the results. This parameter uncertainty was only used when nor-
malising the simulations’ output, as it usually would occur, and
not for the sampling of input data or in the building model for
the simulations.

External walls and roofs - mineral wool insulation, thermal
conductivity - The cause of the included design decided uncertainty
is the discrepancy between actual and declared performance for
the insulation material’s thermal conductivity - mineral wool in
this case - quantified by Burke et al. [21] and described in section
1.3.1 The building envelope. The triangular distribution was kept
and included at the global level. This model was unchanged
between the scenarios.

Windows, thermal transmittance — The cause of the included
design decided uncertainty is the discrepancy between actual and
declared performance of the windows’ thermal transmittance.
The model quantified by Burke et al. [21] was used, as described
in section 1.3.1 The building envelope, with the triangular distribu-
tion and included at the global level. This model was unchanged
between the scenarios. The parameter’s distribution is simplified
so that the same thermal transmittance was used for all types of
glazed components, including windows - both fixed and openable
- and including glazed doors.

Windows, total solar heat gain coefficient (SHGC,,) — Because
this study focuses on a building stock, the simulated building’s
exact surroundings and the type of shading are unknown, which
introduces uncertainties regarding the building’s shading. Another
uncertainty is how and when the building’s occupants use the
shading. For this parameter, three types of uncertainties were
quantified and included from three sources of uncertainty. The de-
sign decided uncertainty for the SHGC properties of the building’s
windows’ glazing — the design undecided uncertainty regarding
the building’s external and internal shading type and shape. The
scenario uncertainty is dependent on how and when the building’s
occupants use the shading. These uncertainties are included in the
BPS through a single numerical value for the parameter SHGC using
a simplified model where the percentage of the solar heat gain that
is transmitted is estimated. The model used to quantify this uncer-
tainty was simplified to a combined numerical value for the total
solar heat gain coefficient (SHGCy,) based on two factors. These
two factors were the SHGC of the window glazing (SHGCgjazing)
and the windows’ shading and how it is operated by the occupant
(Kshading)- Both were used at the global level and assigned a triangu-
lar distribution that was not changed between the scenarios; see
Table 4. The total was calculated according to eq. (8).

XSHGCtoti = SHGCglazing.i . kshading‘i (8)

Thermal bridges - The type of uncertainty quantified differs
between the two scenarios; for S1, the thermal bridges are
included using the simplified method; see description in section
1.3.4 Other factors- assumed to illustrate all types of uncertainties
of the thermal bridges - as a standard value addition to the overall
building envelope heat transmission on the local level. The varia-
tion was estimated based on experience and the variation shown
in the study by Burke et al. [21]. The thermal bridges are connected
to the overall internal area, assigned a uniform distribution and
used globally. The type of uncertainty included in S2 originates
from the modelling uncertainty, intending to quantify the impact
caused by the difference in the abstraction of the problem and
prior knowledge about how to model and simulate thermal bridges
by the modeller. This problem was observed by Berggren [43], who
showed significant variations depending on the modellers. The
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modelling uncertainty was quantified using the outcome from a
semi-controlled test. The test was performed using three modellers
who quantified the thermal bridges independently of each other.
The modellers were given the same documentation and used the
same software for two-dimensional steady-state heat transfer cal-
culations, HEAT 2 [44]. The models and output were reviewed for
quality control to ensure no significant errors. The test attempted
to quantify and include an additional parameter and another type
of uncertainty — modelling - based on the resulting variation using
the limited sample size from this experiment. A triangular distribu-
tion was assigned and used at a global level.

Airtightness of the building envelope (qso) - The design decided
uncertainty for the airtightness were kept - regarding the variation,
triangular distribution and applied at a global level - as in a previ-
ous study by Burke et al. [45]. A similar performance variation was
presented in [46], where the airtightness was measured in refur-
bished buildings, indicating the used variation’s relevancy.

Specific Fan Power, supply and return - The type of uncertainty
modelled was based on the contamination of ducts and filters,
increasing the system’s internal airflow resistance and lowering
the supply and exhaust fans’ efficiency. With time, the fans’ effi-
ciency will continue to decrease until the ducts are cleaned, and fil-
ters are changed, restoring the original efficiency level. The
maximum value of the variation represents an AHU system that
did not receive service in time, while the lower value represents
a new or well-maintained system. The skewed triangular distribu-
tion was assigned based on the assumption that the performance
cannot be better than clean filters and that most buildings follow
the maintenance schedule during the first two years and used
globally because of the central AHU.

Heat recovery efficiency - The type of uncertainty included was
the design decided regarding the heat recovery efficiency parame-
ter. The distribution and variation were kept from a previous study
by Burke et al. [21] and not evaluated further. The uniform distri-
bution was assigned based on the lack of data to estimate the
shape and used globally because of the central AHU.

Supply air temperature setpoint and the supply-fan air-
temperature rise - Modelled as a design decided uncertainty to
account for the heating systems inability to achieve the decided
design value. The temperature variation was estimated, assigned
a triangular distribution, and used globally because of the central
AHU.

The supply and return airflows - The supply and return air-
flows used in the building model are based on the building’s design
value. These values were defined depending on the type of zone,
residential or non-residential, and the number of rooms for the res-
idential zones. For S1, the return airflows’ design value for residen-
tial zones was 301-s~! and 0,35 l-s~'-m~2 for non-residential zones.
For the design values of S2, see Table 3. There was an uncertainty
regarding the unbalance between supply and return airflows in the
buildings in S1. The uncertainty was included in the models; how-
ever, the size and precision were not known.

Thus, the parameter variations were based on expert estima-
tion, assigned a triangular distribution and used at a local level.
For S2, the airflows’ unbalance was based on the designed unbal-
ance; each zone’s supply airflow is designed to be two litres per
second less than the return airflow. Two sources of uncertainty -
the measurement and adjustment uncertainty - were quantified
based on the allowed variations in the standards [29] and were
included in both scenarios, using eq. (9). Using these uncertainties
and the design value for each zone resulted in a specific variation
for each zone type used in the model on a local level; see types
in Table 3. The measurement and adjustment uncertainty were
assigned to all types of zones on a local level.
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SAFRoom,i = SAFRaam.designvalue : (] + XMeasurementunc..i)(‘l
9)

System efficiency, space heating: Plant and heat distribution
losses - The case buildings use district heating as the heating
source. Thus, a heat exchanger is required, which has conversion
losses before distributing the buildings’ heating. The heat distribu-
tion systems used to bring heat from the source to the point of use
- pipes from the plant to the radiators and AHU in the case build-
ing - and the radiators’ efficiency and ability to maintain the
desired indoor climate leads to additional losses. The heat source,
distribution system, and local heaters are simplified in the building
model as ideal heaters — meaning the system always has enough
power to ensure the indoor temperature setpoint without losses
- and the heat source (plant) was modelled at an efficiency level
which included the conversion losses. By modelling the system this
way, conversion losses from the supply to the demand side and
losses to distribute the heat throughout the building were not
included in the modelled heating system. Instead, these losses
were included as a system efficiency, which consists of the two
sub-parameter uncertainties for the absolute plant losses
(Xpiantiosses.i) and distribution losses (Xp;s ossesi)- The included design
decided uncertainty variation was estimated and assigned a uni-
form distribution because of the lack of data and used globally.
The system efficiency (#,;), is calculated according to eq. (10):

+ XAdjustmentunc..i)

”P‘i = (1 - XPlantlosses,i)(] - xDistr.losses.i) (10)

Occupants, number of - The internal heat gain from occupants
were estimated at the apartment (local) level. The apartments
were classified based on the number of rooms, either two-rooms
and kitchen (2R&K) or three-rooms and kitchen (3R&K). Each
class’s design value was based on Sveby [42] with an estimated
variation and assigned a triangular distribution.

Domestic hot water - The current Swedish regulation [39] dic-
tates the expected value of the parameter to be 25 kWh-m2-a’!,
with a possible reduction by up to 10 per cent if energy saving or
flow-reducing measures are implemented. Based on this, the
parameter’s variation was estimated in S1. However, this standard-
ised value has come into question lately by property owners
because they seldom measure the DHW to be that high. A recent
study [47] showed, based on measured data, that the DHW use
can vary between 6 and 23 kWh-m~2-a’!, compared to the stan-
dardised level of 22.5 kWh-m~2-a!, using a reduction of 10% based
on the use of energy-efficient fixtures. For S2, a model was created
based on the data from the study mentioned above. A uniform dis-
tribution was assigned and used on a global level.

Indoor temperature setpoint - The standardised input data in
the Swedish building regulation defines the indoor temperature
setpoint as + 21 °C for residential spaces [39]. When measured,
there is a deviation from the standardised value that causes uncer-
tainty regarding the occupants’ actual indoor temperature set-
point. An example of this is found in a report by the Swedish
National Board of Housing, Building and Planning that showed
the average measured indoor temperature of multi-family houses
to be 22.3 °C, with a variation between 18 °C and 24.5 °C [48].
However, not all the variation is likely to be caused by the indoor
temperature setpoint. This parameter uncertainty was modelled
and quantified based on the two types of uncertainties, first was
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the design decided uncertainty of the thermostats ability to main-
tain the defined setpoint for the indoor temperature and was used
in all spaces and for both S1 and S2. Secondly, the occupant con-
trolled setpoint’s scenario uncertainty was estimated to + 1.0 °C,
although the study mentioned above [48] could support a more
significant variation. This parameter was only used for residential
spaces in S2. Both types of uncertainties were assigned a triangular
distribution, and the total deviation was determined in residential
spaces by addition (the sampled values of both uncertainties were
summarised to a total deviation). The design value for the indoor
temperature in the residential spaces was changed between S1
and S2. From 21 °C in S1, based on the standardised value, to
22 °C in S2, based on the mode value in [48]. For all non-
residential spaces, 18 °C was used in both S1 and S2.

Household electricity — The amount of household electricity
used in a building is highly dependent on the appliances available
in the space and how the occupants use them. A share of the
household electricity is converted into heat and accounted for as
an internal heat gain. These variables are of the scenario uncer-
tainty type, and an aggregated model quantifying these sources
of uncertainty was used in this study. The current Swedish regula-
tion [39] dictates the design value for household electricity to be
30 kWh-m—2-a”!, with a 70% utilisable share for internal heat gains.
For S1, the quantified scenario uncertainty was based on the stan-
dardised value with an estimated variation of + 10 kWh-m~2-a’l. A
triangular distribution was assigned and used on a local level. For
S2, a specific model - previously shown in section 3.4.1 Building
model resolution - Level of detail - developed by Westin et al. [40]
for quantifying the uncertainty for the household electricity at
the local level was implemented. Another source of uncertainty
impacting the household electricity was also added to S2, consider-
ing the uncertainty of the estimated share utilisable internal heat
gain, estimated to 75 + 5% based on the outcome from calculations
of different scenarios in the study mentioned above.

4.2.2. External stochastic parameters

Built-in moisture losses - The amount of energy used to evap-
orate moisture from building materials during the heating season
was calculated by simulating the amount of moisture lost in all
the concrete during the first two years of operation, based on work
by Tornberg and Stdl [49]. The amount of moisture was then mul-
tiplied by the Heat of Vaporization for water. The triangular distri-
bution was assigned based on the calculated estimation and used
globally.

Domestic Hot Water Circulation losses (DHWCL) - The
domestic hot water circulation system is used in buildings for
two reasons. First, to ensure a maximum time until hot water
arrives at the tap, regulated in Sweden to 10 s at a flow of
0.2 I-s71 [19]. Second, to ascertain that the hot water temperature
does not drop below 50 °C to prevent the growth of the bacteria
Legionella pneumophila in the system. Thus, the default solution
to fulfil this in multi-family residential buildings is a circulation
system. A consequence of using this system is that DHWCL occurs
in the building. The system for distributing the DHW and the circu-
lation system results in local thermal losses to the building from
the pipes. These losses occur during the entire year; however, it
is commonly assumed that the losses occurring during the heating
season are usable as an internal heat gain in the building. Thus,

Table 3

S2 design values for the supply and return airflows of the different zone types used.
Zone types 2 R&K 3 R&K Bicycle room Laundry room Storage room Utility central Stairwell Unit
Supply air flow 21 23 10 19 40 15 58 I/s
Return air flow 23 25 10 19 40 15 58 1/s

10
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Table 4

Summary of the stochastic parameters and the quantified types and sources of uncertainty, described by how included in building model (G = Global, L = Local), and the shape of
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the distribution (T = Triangular, Tsg = Triangular, skewed right, U = Uniform, or S = Specific) and the variation (min, design, max values) for both scenarios (S1 and S2).

Scenarios S1 S2
Parameter G/L Unit
Building envelope Heated floor area, Atemp G m? T [2399, 2448, 2497] T [2519, 2570, 2621]
Mineral wool, thermal conductivity G Wem~LK! T [0.032, 0.038, 0.044] T [0.032, 0.038, 0.044]
Windows, thermal transmittance, U, G W-m2.K~! T [1.00, 1.10, 1.30] T [1.00, 1.10, 1.30]
Shading G - T [0.40, 0.50, 0.60] T [0.40, 0.50, 0.60]
Solar Heat Gain Coefficient (SHGC) G - T [0.49, 0.52, 0.55] T [0.49, 0.52, 0.55]
Thermal bridges - - - -
%, of total thermal transmission of envelope G %/100 U [0.15, 0.20, 0.25] -
External slab / external wall G Wem -K! - T[0.12, 0.23, 0.34]
External wall / internal slab G Wem~ LK - T [0.08, 0.09, 0.10]
External Windows & Doors perimeter G Wem1K! - T [0.02, 0.03, 0.05]
Roof [ external walls G Wem -K! - T[0.07, 0.12, 0.16]
Balcony floor / external wall G Wem~LK! - T [0.28, 0.39, 0.51]
External wall / external wall G Wem 1K! - T[0.13, 0.14, 0.15]
Airtightness, qso, external surface at + 50 Pa G l-s'm—2 T [0.10, 0.30, 0.50] T [0.10, 0.30, 0.50]
Built-in moisture G kWh-m~2-a"! T[1.5,3.3,5.1] T[1.0,2.2,3.2]
Air handling unit Specific Fan Power - Supply air G kW-m~3s Tsr [0.75, 0.75, 1.05] Tsr [0.75, 0.75, 1.05]
Specific Fan Power - Exhaust air G kW-m3-s Tsg [0.75, 0.75, 1.05] Tsr [0.75, 0.75, 1.05]
Heat recovery efficiency G %100 U [0.77, 0.80, 0.83] U [0.77, 0.80, 0.83]
Return airflow - - - -
Measurement uncertainty L % T[0.9, 1.0, 1.1] T[0.9, 1.0, 1.1]
Calibration uncertainty L % T[0.9, 1.0, 1.1] T[0.9, 1.0, 1.1]
Supply airflow - - - -
Unbalanced L % /100 T [0.03, 0.05, 0.07] -
Measurement uncertainty L % T[0.9, 1.0, 1.1] T[0.9, 1.0, 1.1]
Calibration uncertainty L % T[0.9, 1.0, 1.1] T[0.9, 1.0, 1.1]
Supply air temperature setpoint G °C T [18.0, 19.0, 20.0] T [18.0, 19.0, 20.0]
Heating- and control- system System efficiency - Space heating - - - -
Plant losses G %/100 U [0.05, 0.10, 0.15] U [0.05, 0.10, 0.15]
Distribution losses G %/100 U [0.03, 0.05, 0.07] U [0.03, 0.05, 0.07]
Domestic Hot Water circulation losses G kWh-m~2-a’! T[2.0, 4.0, 6.0] T[2.0, 4.0, 6.0]
Indoor temp. setpoint - Residential - - - -
Adjustment uncertainty L °C T [-0.5, 0.0, 0.5] T [-0.5, 0.0, 0.5]
Occupant controlled setpoint L °C 21 T [21, 22, 23]
Indoor temp. setpoint — Non-residential L °C T [17.5, 18.0, 18.5] T [17.5, 18.0, 18.5]
Occupant Household electricity L kWh-m 23! T [20.0, 30.0, 40.0] S[2,23,102]
Share utilisable internal heat gain L %/100 - T [0.70, 0.75, 0.80]
Domestic hot water G kWh-m~2-a’! T [15.0, 25.0, 35.0] U [5.0, 14.5, 24.0]
Kitchen ventilation losses G kWhem2-a’! T[1.0, 2.0, 4.0] T[1.0, 2.0, 4.0]
Airing losses G kWh-m~2.a"! T [3.0, 4.0, 5.0] T [3.0, 4.0, 5.0]
Heat gain - number of occupants - - - -
Residential — 2 R&K L Njzone T[1.19, 1.63, 2.07] T[1.19, 1.63, 2.07]
Residential — 3 R&K L N/zone T [1.74, 2.18, 2.62] T[1.74, 2.18, 2.62]

only the losses that occur outside of the heating season are
accounted for as a loss. A standardised value commonly used in
Sweden to account for the DHWCL is 4 kWh-m~2-a”! [50]. However,
recent research has shown that this is often an underestimated
loss. According to Kempe [51], calculations show using commonly
used thermal insulation levels around the pipes; the variation
could be between 6 and 25 kWh-m2-a”!. Another study [50] look-
ing at 12 buildings found the DHWCL to be between 2.3 and 28
kWh-m—2-a! when measured, and a recent study performing FM
of the DHWCL in 134 multi-family residential buildings - from
the 1920 s and more recent - found it to be between 0.5 and 76
kWh-m~2-a”! with an average of 6 kWh-m~2-a"! for more contem-
porary buildings [51]. Modelling the DHWCL based on measured
data is difficult because the measured values are often only pre-
sented as total annual values, not elaborating on if and how the
losses’ utilisable share are included. Thus, the variation used in this
study is an estimate based on the standardised value and the stud-
ies mentioned above. The parameter uncertainty is quantified as
the share not utilised by the building. The parameter was assigned
a triangular distribution, included globally, and through a fixed
addition.

Kitchen ventilation losses - The air from the kitchen ventila-
tion contains various cooking odours and fats that would reduce
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the heat exchanger’s efficiency if allowed to condense and pose a
risk for leaking contaminants to the supply air. The cause of this
loss is the activation of the function to bypass the heat recovery
(rotating heat exchanger) in the central AHU when in use. The
effect is that the heat from the kitchen fan airflow is not recovered
and used to pre-heat the supply air. Thus, when in use, the venti-
lation heat losses and the exhaust fan’s electricity use increases
since the airflow increases. These losses are not added to the model
dynamically. The kitchen ventilation losses are dependent on the
following factors; airflow, indoor and outdoor temperature, the
duration of use for the function, the number of residential units
of the building and adjusted based on the energy that would other-
wise have been recovered using the heat exchanger. When calcu-
lating the stochastic parameter’s variation, the included and
quantified uncertainty was the occupant’s duration of use. In the
base case simulation, the standardised value for the kitchen venti-
lation use of 30 min per day per residential unit from Sveby was
used [42]. The design value was kept while adding a variation in
the duration of use, assumed to be + 15 min per day, to quantify
the uncertainty with a triangular distribution.

Airing losses - The airing loss parameter’s source is the opening
of windows and doors in the building leading to an exchange
between indoor and outdoor air. Modelling this parameter is diffi-
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cult since the heat loss depends on what assumptions are used,
such as the windows’ duration and how much the window is open.
A study by Hamid and Ibrahimovic [52] found that airing losses
could be between 0 and 20 kWh-m~2-a’!, although in many cases,
they found it to be in the lower parts of this spread. A recent study
[53] that measured the time and number of doors and windows
that were open using magnetic strips found a correlation between
outdoor temperature and the opening of windows (less open win-
dows with lower outdoor temperature) and estimated the impact
on the EP of the building to be between 3 and 8 kWh-m2-a’.
Instead of modelling the parameter dynamically with unknown
input data, a simplified model - which tried to take all these
parameters into account - was used in this project where the total
annual airing losses were estimated based on a standardised value.
The standardised value for this parameter in Sweden is 4
kWh-m~2-a”! [39]. Based on the standardised value and studies
mentioned above, the airing losses’ variation was estimated to be
4 + 2 kWh-m2-a”!, with the triangular distribution, on the global
level and added as a fixed addition.

4.3. Validation of results

The process for validating the results from the simulations fol-
lows the principles described for data collection in section 3.3.1
Data collection, quality, and sources. It consists of compiling field
measurements, validating the field measurements, normalising
both the simulated and measured data to enable comparison,
and comparing the normalised predicted and actual EP. This pro-
cess is described below and then applied, resulting in the density
plots presented in section 5 Results. The objects in the field mea-
surements are seen as independent observations from a population
of buildings with the same design.

4.3.1. Field measurements

The predicted EP was compared to the actual EP using mea-
sured data from the buildings built according to the evaluated
design to evaluate the prediction model’s accuracy and validate
the method. This process produced 90 identified objects, of which
32 remained for further analysis. Of these, 28 objects had high-
quality and complete data sets after completing the verification
and validation process. The four objects with complete data sets
that were removed contained invalid data identified by visualising
the data and identifying outlier data points. These objects were fur-
ther investigated and found to contain invalid data - either mea-
surement errors or missing data in the time series. The measured
data from the 28 objects includes hourly data for the space heating,
DHW and electricity for building services, compiled using either
electricity, energy or flow meters. In addition to the geographical
location difference, one other deviation exists between the mod-
elled and measured buildings; for the measured buildings, the
number of floors varies while the tower’s overall design remains
the same. The measured objects have between 5 and 8 floors com-
pared to 8 for the simulated building, impacting the EP and requir-
ing a normalisation process.

4.3.2. Normalisation process

To enable the comparison between predicted and actual EP and
to account for the impact on energy used for space heating from
differences in weather and climate for buildings in different loca-
tions and measured data from different periods, a normalisation
process - for both predictions and observations - was needed
and performed in steps. Each step’s content varies depending on
the influencing factors that need to be normalised.

The first influencing factor was the temporal variation of the
outdoor temperature boundary condition, how the outside
weather varies from year to year depending on the year when
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the measurements were performed. This variability was compen-
sated using the average year, where measured values are scaled
based on how much the outdoor temperature deviates from a
decided average temperature for the period. For simulations, the
climate files used were already standardised to an average year.
However, for the FM, weighting factors were applied for the mea-
sured data to correct how the actual weather during the measured
period was compared to the normalised average year.

The second influencing factor to be normalised was the climate
difference for various geographical locations, as shown by the aver-
age annual outdoor temperature difference in Fig. 7. Normalising
for geographical locations was a significant problem since the eval-
uated buildings were built in various geographical locations, as
shown in Fig. 8. In contrast, the simulations for the building was
only performed in a specific location, also shown in Fig. 8.

The simulated object’s geographical location was Malmoe,
while the measured objects’ geographical locations were all over
Sweden, with a variation in outdoor climate. The Swedish building
regulation [19] has implemented a method to normalise the energy
used for space heating for benchmarking buildings all over Sweden
against one specific climate in Eskilstuna by using geographical
location factors, Fgeo. This method and the geographical location
factor were used for the normalisation in this study. The factors
were applied to both the measured energy use for space heating,
Emeasn, and the simulated energy use for space heating, Esjm s,
to calculate the normalised energy use for space hearing used to
quantify the EP, as shown by eqgs. (6) and (7):

E;
ENorm.sim.SH = y (6)
geo
E
ENorm.mea.SH = % (7)
geo

This solution’s temporal resolution is currently low, performing
the normalisation on the total annual energy use for space heating,
which is a significant limitation.

Regions of Sweden

Avg. annual
outdoor temp.

8,9

© DSAT far MSFT, GeaNames, Miarozoft, Tos

Fig. 7. The map of Sweden shows how the average annual outdoor temperature
varies for the regions, illustrated by the colour gradient, based on Sveby and SMHI
[54].
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5. Results

This chapter begins with a summary of the quantified uncertain
parameters used in the simulations. Next, the simulations’ results
are presented for the two scenarios compared to measured data
from the as-built buildings to evaluate the predictive model’s accu-
racy and data quality dependency. An alternate hypothesis was
presented and analysed to evaluate how using external parame-
ters’ impacted the accuracy based on the results.

5.1. Parameter uncertainty and distributions

A summary of all stochastic parameters is presented in Table 4.
As mentioned in 3.3.2 Input data - Stochastic parameters and prob-
ability density functions, the values of the parameters are based on
either design decided, modelling or scenario classification and the
values (excluding user-behaviour parameters) are based on speci-
fic materials and components. The overall variation of some main
parameters are based on more than one type of uncertainty; this
way of modelling the uncertainty was chosen so that the variation
could increase as new types and sources of uncertainties for a
parameter were identified, quantified, and included in the study.
Twenty-two main parameters were identified, with an additional
six sub-parameters for S1 (total 28 variable parameters) and 13
sub-parameters for S2 (totalling 34 variable parameters). Some
sub-parameters were assigned to multiple main parameters. The
sampled input data includes additional distributions since several
parameter uncertainties were included on the local level, sampling
for each zone from the probability distribution. The parameters are
described by the level of detail included in the building model
(L =1local, G = global), the units of the variation and the distribution
shape and scaling used in each scenario. The distributions are
described either by U[a,b,c], a uniform distribution, or T[a,b,c], a tri-
angular distribution, with minimum value a, maximum value c,
and the design value (mode) b, or - in specific cases - S, where
the shape and distribution were based on models developed in
other studies. The specific models, S, are explained in more detail
below for the specific parameter.

Objects - Geografical dispursion

Geografica

location factor,
Fgeo:

19

03

»

@ sim. object

. Eskilstuna

o *

. £ DSAT for MSFT, GeoNamaes, Microsaft, Tan

Fig. 8. Map of Sweden shows the 28 objects where measurement data was
collected and how the geographical location factors differ, illustrated by the colour
gradient. Also shown is the location of the modelled building in the BPS and the
location used as the basis for the geographical location factors.
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5.2. Accuracy of simulations and the impact on the probability of
failure

The simulated results and FM from the objects are presented as
density plots and CDFs to evaluate the impact on accuracy from the
changed data quality of S1 and S2; see Figs. 9-14. Fig. 14 contains
an example of how to determine the probability of failure, repre-
sented by vertical lines from the horizontal axis, starting from
the design criteria for EP, up to the CDF curves and then horizon-
tally out to the vertical axis. An example of how the decision-
making process influences the probability of failure is presented
using options for the design criteria, presented in Fig. 14 and
Table 5.

The results for the EP show that compared to the actual EP, the
predictive model’s accuracy increased with S2 compared to S1,
regarding both the trueness and precision (see Fig. 9). However,
both S1 and S2 deviated significantly regarding the trueness com-
pared to FM. The results for the EP were then divided into the sub-
categories, presenting the energy used for space heating (Fig. 10),
DHW (Fig. 11) and electricity for building services (Fig. 12), to
increase the detail of the analysis and evaluate and identify the
potential cause of the deviation. Analysing these categories identi-
fied that both the simulated results for electricity for building ser-
vices and DHW showed similar results to the overall energy use; S2
improved the accuracy compared to S1. The trueness was good
while the precision was off regarding the electricity for building
services. The results were unclear for the energy use for space
heating; initially, S1 showed higher trueness than S2; however,
the trueness was still significantly off compared to measured data
from the other two categories. The precision for both was still low.

A hypothesis about the cause was proposed: the cause could be
the inclusion of external parameters - not included dynamically in
the simulations - for the parameters impacting the energy use for
space heating: airing losses, built-in moisture, and kitchen ventila-
tion losses. These parameters had been included in the post-
processing by adding the sampled value for each parameter to each
simulated result. The new dataset was created by subtracting these
parameters from the total results of S1 and S2; after the removal,
another comparison was made (see Fig. 13). The new distribution
for the predicted EP showed a significantly increased trueness
compared to the distribution for the actual EP - since the mode
of the distribution shifted closer to the mode of the distribution
for the actual EP - while the precision was slightly reduced since
the variation for the new distribution was reduced.

The probability of failure was calculated using the actual EP
based on FMs, and the predicted EP based on the three models:
S1, S2, and S2 - without external parameters and quantified using
the options for design criteria (see Fig. 14 and Table 5). Comparing
the probability of failure quantified using the predictive models
compared to the FM indicates that the current predictive models
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Fig. 9. Density plot of EP based on FM and simulated results from S1 and S2.
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Fig. 10. Density plot of the energy use for space heating based on FM and simulated
results from S1 and S2.
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Fig. 11. Density plot of energy use for DHW based on FM and simulated results

from S1 and S2.
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Fig. 12. Density plot of electricity for building services based on FM and simulated
results from S1 and S2.
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Fig. 13. EP’s density plot based on FM and simulated results using S1 and S2
without external parameters compared to measured data, FM.

based on the two datasets are not accurate enough for predicting
the probability of failure. S1 and S2 overestimate, while S2 without
external parameters underestimates the probability of failure com-
pared to the actual outcome.
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Fig. 14. Graph showing the CDF of EP based on data from FM and simulated results
from S1 and S2 without external parameters. The probability of failure is calculated
using the CDF, illustrated using the design criteria (dashed red line) and horizontal
arrows from where the line crosses the different CDF curves. (For interpretation of
the references to colour in this figure legend, the reader is referred to the web
version of this article.)

Table 5
Probability of failure depending on the chosen design criteria level and based on
measurements or simulated results from S1 and S2.

Design Criteria [kWh-m2-a™'] FM S1 S2 S2_Excl
65 20% 99% 68% 9%
70 10% 89% 37% 2%
75 4% 60% 13% 0%
80 1% 23% 3% 0%
85 0% 4% 0% 0%
90 0% 0% 0% 0%

6. Discussion

Although the application of the method in this case study was
on multiple buildings with the same design with a different num-
ber of floors to enable the validation of the results, the primary
purpose of the method is to improve future predictions using the
probabilistic approach for BPS for individual buildings. For this,
further calibration of input data models is required to increase
the predictive model’s accuracy.

The quantification of the probability of failure provides the foun-
dation for using a probabilistic approach for risk analysis when
combined with the consequences of failure, which would provide
a data-driven decision support tool for decision-makers during the
design phase. Thus, the results from the probabilistic BPS will be
used as input for risk analyses regarding the probability and conse-
quence that a building will fulfil the contracted design criteria for EP.

The results of this study provide data and knowledge that could
support other practitioners using uncertainty analysis by showing
problems with choosing and modelling uncertain parameters, the
effect data quality has on the results of the BPS, and the impact
on the aggregated EP of a building design and improve future sim-
ulations. The significance of these problems is amplified when
investigating a single object with a known design. Using a known
design eliminates the otherwise more influential design unknown
category, which can utilize much larger spreads in the variation of
the input models to determine which combinations of components
result in a building that fulfils the design criteria. Interestingly that
method and input data cannot show the probability of failure.

The variation in EP was significant, both for predicted and
actual EP, where the predicted EP varied from 41 to 71 kWh-m2--
a! the variation of the actual EP was even more significant, from
38 to 75 kWh-m2-a’l. The deviation between simulated results
and FM indicates that the variations for uncertain input parame-
ters in S1 and S2 were too conservative. The predictive model’s
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accuracy could likely be improved by including additional uncer-
tain parameters while not underestimating the variation when
quantifying uncertain parameters, as shown by the model for
DHW in S2. However, both S1 and S2 deviated significantly regard-
ing the trueness compared to measured data for the space heating.

Apossible cause for the low accuracy in the precision between the
predicted EP and actual EP could be that no dependencies between
occupant dependent uncertain parameters were included. These
parameters primarily affect the space heating of the building, which
was the category with the lowest accuracy and largest variation. The
actual EP and SH showed a larger variation, indicating more extreme
variations in the input variables, as discussed before. One solution
for this could be to include dependencies, i.e. if there are more occu-
pants in a space, and the intensity per person is the same, the space
with more occupants should also have a higher household electricity
use, and vice versa. Currently, these parameters were treated as
independent, so a zone with few occupants could also have a high
household electricity use; although that type of outlier is not an
impossible combination, the occurrence is less probable than that
of more occupants using more household electricity. A model dis-
cussed - but not implemented - was that for each sampled occupant,
a sample from an intensity profile for the household electricity per
person could be used.

The option of using fixed additions — external parameters that
are not included dynamically in the simulations - is commonly
used when quantifying EP using a deterministic method, as exem-
plified by the recommendation of adding airing losses as a fixed
addition of 4 kWh-m~2-a”! to ensure that the predicted value does
not overestimate the EP of a building. The simplification of includ-
ing influential factors as a fixed addition is on the safe side if the
parameters otherwise would have provided internal heat gains in
the actual building resulting in reduced demand for space heating
and there is no active cooling available in the building. When using
a deterministic method with a margin of safety, the aim is not to
predict the actual EP but rather a single value for the EP on the safe
side; thus, applying this approach of fixed additions is more suit-
able. When using a probabilistic approach, as in this study, which
aims to predict the possible outcomes as a distribution, fixed addi-
tions are less suitable, as the results show. For the probabilistic
approach, removing the external parameters improved the predic-
tive model’s accuracy, indicating that the input dataset’s uncer-
tainty quantification may already include external parameters’
effects. This indicates that interdependencies are lost when adding
a parameter externally to the BPS result instead of incorporating
them directly in the model. Thus, indicating the importance of
including all relevant parameters impacting the energy balance
of a building dynamically in the BPS. However, from a risk perspec-
tive, the predictive model based on the input data model in this
study could not accurately predict the probability of failure and
underestimated the probability and consequently the risk when
these factors were removed. Further studies are needed to try
and include these parameters dynamically as internal parameters.

There are two significant limitations with the developed
method and its implementation in this study compared to mea-
sured observation for validation. Not all uncertainties associated
with a parameter are known. Moreover, of those that are known,
not all have been quantified. The identified parameters do not
include the outlier behaviour often seen when measuring parame-
ters impacted by occupants.

A method that can be applied to update the distributions when
new data or knowledge is available is by using the Bayesian Theo-
rem. However, this was not used in this study because most
sources do not provide the data in raw forms. The sources com-
monly presented the data as graphs with a short description of
how to interpret them. Finding multiple sources presenting data
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for the same parameter and type of uncertainty was challenging
to find.

For the input data, a significant obstacle during the uncertainty
quantification phase was the last criteria for the data verification;
that data “reflects the intended purpose”. During the data collec-
tion phase, data sources for the identified uncertain properties of
specific parameters were found. However, when data and distribu-
tions were investigated further, problems appeared. These prob-
lems with data included: that the description of what the data
represents was too limited to discern, data based on other types
of uncertainties from the same category, data based on experi-
ments performed under significantly different conditions, or data
at a different level of detail. All of which led to the exclusion of that
data source for that parameter. As exemplified by the floor area dif-
ference shown in section 1.3.4 Other factors, the source used could
significantly impact the results. The difference showcases the
importance of using the same source throughout the process since
introducing another person’s interpretations of a building could
significantly alter how a parameter is quantified and modelled.

In specific cases, the compiled datasets contain the same appar-
ent parameters, but the data was based on other types and sources
of uncertainties or used a different parameter model. Interpreting
the data and ensuring that the data and model fulfil the intended
purpose was a significant obstacle. Showcasing the difficulty of
quantifying and modelling this parameter is the variability in the
data for indoor temperature in Annex 55 [46], which presented
measured indoor temperature from several buildings, both
single-family and multi-family buildings, from different periods,
with various building systems, and in different countries.

Regarding the input data models and the level of detail,
although an increased level of detail could increase the output’s
accuracy, this depends on if the building model’s level of detail
matches the input data used. If there is a mismatch between the
level of detail, known or unknown, this could increase the uncer-
tainty and reduce the model’s accuracy. However, other aspects
to consider when deciding on the building model’s detail level
are the needed simplifications when abstracting the real world into
a building model. Secondly, the level of detail impacts the overall
simulation time and the amount of time needed for the model’s
diagnostics — both regarding the building model’s geometry and
the accuracy of the results. Thus, determining the building model’s
level of detail is a crucial factor that requires deep knowledge of
the modeller and balancing act between accuracy and time con-
sumption. Using stochastic parameters adds another complexity
level to model the building because of how the parameter distribu-
tions are defined. If a parameter model is created based on global
level data, it is unsuitable for use at a local level. The aggregated
distribution will have a reduced variation if using a global distribu-
tion on a local level, consequently reducing the accuracy of the out-
come from the BPS. However, it is not always easy to discern at
what level the compiled data from sources are. However, for most
parameters, the available data are limited and often not at the level
of detail needed to model the parameter as intended.

The input data’s quality can be impacted by bias, confounding
factors, and outliers. These deviations in the input data can be dif-
ficult and time-consuming to identify. Because of the need to pro-
cess the data collected before using it to determine the variation
and probability of parameters, there is a risk of bias when inter-
preting it. There could also be unknown confounding factors that
influence the data. One confounding factor identified in the mea-
sured data by Burke et al. [21 14] from the 26 single-family houses
was how the vestibule was used in at least one of the houses. This
vestibule was uninsulated and not designed to be heated. However,
in this case, the occupants used the area so that the interior door
was open so that the area was heated to the indoor temperature,
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increasing the building’s energy use for space heating and seen as
an outlier in the measured data.

The FM for some of the objects contained errors in the data. One
example of this was the electricity for building services, the two
lowest and the highest data points deviated from the other clus-
tered data points. A limited evaluation was performed, where a
comparison was made against the simulated values of the electric-
ity needed for the central AHU (>5 kWh-m2-a’!); this alone was
higher than the lowest values (2.9 kWh-m~2-a’!), indicating a mea-
surement error. For the highest value, some deviations were found;
the most significant one was an error in the heated floor area
reported for this building. Correcting the floor area improved the
performance to match the other clustered data points (going from
13 to 9.3 kWh-m~2-a’!). For one object, the DHW was significantly
lower than the other objects. Further investigation identified that
there were measurement errors in the data that could not be
resolved. Two objects had a significantly higher DHW energy usage
than expected, and the quality of the measurements could not be
verified. Thus, these objects were removed from the analysis.

7. Conclusions

This paper has shown that data quality significantly impacts the
predictive model’s accuracy, primarily when used for a specific
building design to predict the probability of failure. The results also
showed that it is feasible to use a probabilistic approach to predict
the EP of a building design; however, the quantified uncertainties
used in this paper were too limited to give an accurate enough pre-
dictive model to use as a decision basis, for example, as input for
risk analysis. The results and validation process show the difficulty
of applying uncertainty analysis only based on quantified uncer-
tainty in the input data. Without validation and calibration against
the uncertainty in actual EP - quantified based on a building stock
using the same design - the accuracy of the predicted EP is of low
value as a predictor and thus not suitable for use in a risk analysis.

The FM showed that the real-world uncertainties based on
known objects with similar designs resulted in a wide range of
actual EP that was difficult to model and predict despite being a
fixed design with a lot of measured data related to the buildings
different energy use being available. While using a fixed design
reduces the types and sources of uncertainties included in the data
from the field measurements that need to be included and mod-
elled in the BPS for the predictive model to be accurate. The causes
for this wide range in EP for the same building design are still
unknown and unquantified. Either significant uncertainties were
missing in the models, the quantified uncertainties were too con-
servative, or the uncertainty model for occupant behaviour did
not represent the users living in these buildings.

The role occupant behaviour has on the EP of a building is per-
haps the most uncertain factors in this study. Since it is challenging
to obtain such data in Sweden, the input parameters were based on
literature and not possible to validate against the household elec-
tricity of the objects. More detailed occupant behaviour profiles
may be needed to predict the EP of a building better. More detailed
energy mapping is needed to determine the actual energy use
dependent on specific factors within the different buildings, such
as household electricity. This study shows that it may not be cru-
cial to be conservative when quantifying uncertainties since the
predicted range for all three categories — space heating, DHW,
and electricity for building services - were more conservative than
the FM’ data and showed a higher risk of failure. The results are
positive from the entrepreneur’s point of view since the actual EP
was much better than calculated; however, these same results
are negative from a cost optimization point of view since the
desired performance could have been achieved at a lower cost. This
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discrepancy could affect an entrepreneur’s chances of winning a
bid if the bid is too high due to the building’s design being better
than required. Thus, further investigation and quantification of
uncertainties for design decided parameters are needed.

An important conclusion from this study is that despite the
level of knowledge about the physical building and building prop-
erties, and despite measurement data from 28 objects, the use of
standardised data with general uncertainties were not good
enough to result in a statistically accurate model in some cases.
More object-specific data, S2, closed this gap. Perhaps one error
throughout this study was the bias from the authors that data
quality was partly related to how large the variation in the distri-
bution of data was, with the assumption that smaller variation in
the distributions being better than larger variations. In this study,
we showed that the distributions used were too narrow and con-
servative, indicating faults with the input data for these specific
buildings, thus indicating that some of the data quality for this
building design would be better with distributions with larger vari-
ation, in particular with the occupant behaviour related data.

The results also indicate that using the approach with fixed
additions for some parameters not included dynamically in the
building model - commonly used for deterministic methods to
increase the result’s margin of safety - may not be necessary when
using a probabilistic approach. This is because interdependencies
within the model are lost when adding fixed additions to the BPS
result. Instead, the focus should be on detailed general data, similar
to the household electricity model used in S2, where measured
data at a local level was used as a basis for the model. The level
of detail and how data was modelled are critical aspects that signif-
icantly impact the uncertainty analyses’ accuracy.

A necessary continuation to increase the predictive model’s
accuracy and thus close the performance gap is two-fold. Informa-
tion on current parameters are complicated to find. Many studies
state that they have collected input data and created probability
distribution functions for their input parameters, but it is often dif-
ficult to discern the models’ data, how they used the data, or where
they obtained their data. However, without insight into how the
data was collected and detailed description and categorisation of
the data using the data as a basis for creating input models intro-
duces possible errors in the predictions. This study shows exam-
ples of this, both in compiling data and creating input models, as
discussed in section 3.4.1 Building model resolution - Level of detail,
and the results when comparing predicted and actual EP. The
design decided approach used in this study is different from stud-
ies that focus on a design undecided uncertainty in BPS - for which it
is easy to generate input data variations - since the distributions
include the variation in design values from the possible design
options with a uniform shape. The second continuation would be
implementing and quantifying additional uncertain parameters
not currently implemented in this study. An example could include
a measurement uncertainty in simulations to account for uncer-
tainties in the data from FM to increase the accuracy between pre-
dicted and actual EP. Another step in the development would be to
include parameters using probabilistic models, where for each
time step of the simulation, the input value for the parameter
was sampled from a PDF. This approach has been tried for window
opening and thermostat setpoint by D’Oca et al. [55]. Another
approach is to randomly select an occupant profile for each zone
based on the monitored occupant behaviour and activity from a
database, as performed by Fransson [56].
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