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Abstract 
 

It is common with significant differences between calculated and actual 
energy use in the building sector. These calculations are often performed 
with whole building energy simulation (BES) programs. In this process the 
analyst must make several assumptions about the studied building and its 
users. These calculations are often verified with measured data through the 
EUI benchmark indicator which is calculated by normalizing the annual 
energy use (from the grid) with the floor area. Due to the highly aggregated 
nature of the EUI indicator it is problematic to use this indicator to deduce 
erroneous assumptions in the calculations. Consequently, the learning 
process is often troublesome.  
Against this background, the main aim of this thesis has been to develop 

methods that can provide feedback (key building performance parameters) 
from measured data which can be used to increase simulation accuracy and 
verify building performance. For the latter, regression models have been 
widely used in the past for verifying energy use. This thesis has the focus on 
the use of regression analysis for accurate parameter identification to be 
used to increase the agreement between BES predictions and actual 
outcome. For this, a BES calibration method based on input from regressed 
parameters has been developed which has shown promising features in 
terms of accurate predictions and user friendliness. The calibration method 
is based on input from regressed estimations of air-to-air-transmission 
losses, including air leakage (heat loss factor) and ground heat loss. Since it 
is known that bias models still can give accurate predictions, these 
parameters have been evaluated in terms of robustness and agreement with 
independent calculations. In addition, a method has been developed to 
suppress the bias introduced in the regression due to solar gain. Finally, the 
importance of calibrated simulations was investigated.  
The regressed parameters were found to be robust with yearly variations 

in the heat loss factor of less than 2%. The regressed estimates of ground 
heat loss were also in good agreement with independent calculations. The 
robustness of the heat loss factor based on data from periods of substantial 
solar gain was also found to be high, with an average absolute deviation of 
4.0%. The benefit with calibrated models was mainly found to be increased 
accuracy in predictions and parameters in absolute terms. With increased 
access to measured data and the promising results in this thesis it is believed 
that the presented regression models will have their place in future energy 
quantification methods for accessing energy performance of buildings.  
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Sammanfattning  
 

Det är vanligt med betydande skillnader mellan beräknad och verklig energi 
användning inom byggnadssektorn. Dessa beräkningar utförs ofta med hjälp 
av byggnads energi simulerings (BES) program där användaren måste göra 
ett flertal antaganden om den aktuella byggnaden och dess brukare. Det 
beräknade resultatet kontrolleras ofta i ett senare skede mot byggnadens 
faktiska behov av energi från nätet. I denna kontroll är det dock svårt att 
särskilja den energimängd som byggnaden behöver och den del som är 
kopplad till brukaren. Detta gör att lärdomarna som kan dras i denna 
verifieringsprocess ofta blir begränsade.  
Mot denna bakgrund, har det huvudsakliga syftet med denna avhandling 

varit att utveckla metoder som kan användas för att extrahera information 
om byggnadens prestanda från mätdata. De extraherade parametrarna skall 
kunna användas för att öka noggrannheten i prediktioner från BES modeller 
och för att verifiera byggnaders prestanda. Regression analys har ofta 
använts i det senare fallet i avseendet att verifiera energi användning. Denna 
avhandling fokuserar på att utveckla regressionsmodeller som ger en hög 
noggrannhet i modellens parametrar som möjliggör att de bl.a. kan 
användas för att kalibrera BES modeller och på så sätt minska den vanligt 
förekommande diskrepans mellan simulerat och faktiskt utfall. En BES 
kalibrerings metodik har utvecklats baserat på skattning av transmissions 
förluster ovan mark, inklusive luftläckage (värmeförlust koefficient) samt 
värmeförlust till mark (G) med hjälp av regressionsanalys. Denna 
kalibrerings metodik uppvisar lovande egenskaper i form av noggranna 
prediktioner och användarvänlighet. Goda prediktioner är dock ingen 
garanti för att modellens ingående parametrar är fysikaliskt rimliga. Därför 
har regressionsmodellernas parametrar utvärderats i termer av robusthet 
och överensstämmelse med oberoende beräkningar. Dessutom har en metod 
utvecklats för att minimerar solens inverkan på regressionsskattningarna. 
Slutligen har vikten av kalibrerade simuleringar undersökts. 
Parametrarna i de framtagna regressionsmodellerna visade sig vara 

robusta, med årliga variationer i värmeförlust koefficient mindre än 2%. 
Ytterligare visade sig G var i god överensstämmelse med oberoende 
beräkningar. Robustheten i värmeförlustfaktorn baserad på data från 
perioder av betydande solstrålning konstaterades också att vara hög, med en 
genomsnittlig absolut avvikelse på 4.0%. Fördelen med kalibrerade modeller 
visade sig främst vara en ökad noggrannhet i prediktioner och modell 
parametrar i absoluta tal. Med ökad tillgång till mätdata och lovande resultat 
i denna avhandling är det författarens övertygelse att de presenterade 
regressionsmodellerna kommer att ha sin plats i framtida bedömnings 
metoder av byggnaders energiprestanda. 
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Ae  Equivalent solar collecting area 

AUt+QLρCp     Heat loss factor (air-to-air transmission, including air leakage) 
Cp Specific heat capacity of air 
G Ground heat loss  
Gida Synthetic data obtained from IDA-ICE simulation 
Ktot  Overall heat loss factor, (transmission and ventilation losses 

above ground) 
Pairh Supplied heating power to the air heaters in the ventilation 

system  
Pelec Total supplied electrical power 
Pdhw Heat gain due to domestic hot water usage   
∆PCV Released or stored heating power by the mass of a building 
Pp Heat gained from occupants 
Prad Supplied heating power to the radiator system  
Psol Heat gain from the sun  
Psol,ida Synthetic data obtained from IDA-ICE simulation 
Ptr  Balances heat losses due to transmission and air leakage 

together with contributions from Psol  
Pvent  Ventilation losses, controlled and uncontrolled  
Qe Controlled exhaust ventilation airflow 
QL Uncontrolled airflow due to air leakage 
Qs Controlled ventilation supply airflow  
S Global horizontal solar radiation 
To Outdoor dry bulb temperature 
Ti Indoor dry bulb temperature 
Ts Air handling unit supply temperature  
Tx Temperature of the supplied ventilation airflow directly after 

the heat exchanger    
Ut Overall U-value above ground  
 
Greek symbols 

α Part of electricity that contributes to space heating  
η  Utilization factor of incident solar radiation on windows 
ρ Density of air 
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1. Introduction and motivation 
 
Decisions for enhancing energy efficiency in the building sector are often 
preceded by quantification of energy performance. Quantification of 
buildings energy use can according to ASHRAE Fundamentals [1] be 
classified into two different approaches: forward and data-driven 
approaches. The forward approach includes building energy simulation 
(BES) models where the objective is to predict the output based on detailed 
knowledge of the physical system to be modeled. BES programs have been 
accepted as powerful tools for analyzing building energy performance. Its 
role in energy performance assessment has increased significantly in the last 
two decades [2] to the extent that it has now become a mainstream approach 
for quantifying energy savings due to energy conservation measures (ECMs) 
[3]. Another common application is prediction of energy demand of a 
building planned to be built (a time period commonly referred to as the 
design phase).  
The ambition with these calculations is often to ensure that the building 

will fulfil requirements once it has been built. The requirements can be set by 
legislation, or by the property developer, or the construction company. 
Another reason can be to perform life-cycle cost analyses for planned ECMs 
in existing buildings. BES tools are also now an integrated part of leading 
building environmental rating schemes such as LEED from United States or 
BREAM from the United Kingdom [4].  
In data-driven approaches the input and output data have been measured 

and used to define a mathematical description/model of the building. This 
category includes several types of regression models such as 2 parameter 
(2P) regression models and change point regression models which are single 
variate regression models. The 2P regression model can be used during the 
heating season for an estimation of how much heat is required to balance 
transmission and ventilation losses for each drop in To (or increase in Ti-To). 
This amount is assumed constant in the model and is often referred to as a 
buildings overall heat loss coefficient, Ktot W/K. See for instance [5] [6] [7] 
and the appended paper II. The same approach can be used to quantify the 
increase in cooling demand for each increase in To (or decrease in Ti-To see 
for example [8], [9] and [10]. 
However, when fitting models to annual energy data, temperature change 

points must be incorporated in order to consider the thermal energy that is, 
to a large extent, independent of weather, such as the use of domestic hot 
water. 3P change point regression models consider this base load in addition 
to the weather dependent load e.g., [11] [12] and [10]. 4P and 5P change 
point regression models are more appropriate if both a heating and cooling 
demand occurs during the year, which is fairly common in commercial 
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buildings. Multiple linear regression models are a natural continuation of the 
single variate approach and can be used when data on solar radiation, wind 
speed, humidity etc., exist in addition to temperature data. Studies where 
solar radiation data have been incorporated in the regression are for 
instance, [13] [14] and the appended papers II and V. More information 
about regression models and their use in evaluation of ECMs can be found in 
ASHRAE inverse modeling toolkit [15]. More information about data driven 
models in general can be found in ASHRAE Fundamentals [1]. 
The main benefit with data driven models is that no or little information 

of the building itself is needed in the modeling. Instead, these models are 
interpreted and physical meaning is given to the parameters included in the 
model. Data driven models can be used for parameter interpretation or for 
prediction, i.e., similar application areas as BES models. However, as data 
driven models require measured data, they cannot be used in the design 
stage as BES models. Although the mathematical models utilized in most 
BES tools are detailed and complex, discrepancies between simulated and 
measured data are commonly reported. This is often due to lack of detailed 
information about the input parameters needed for an accurate simulation. 
In the case that measured data exists, BES models can be calibrated to better 
represent the physical building and consequently the simulation accuracy is 
expected to increase. Calibration of BES models is used when reliable and 
detailed analyses of retrofit options in existing buildings are needed. 
Calibrated simulation is classified into the data-driven approach but can also 
be classified as a hybrid approach according to Wang et al [16] and 
Foucquier et al [17].  
 

1.1 BES modeling in the design stage 
 
As implied in the previous section, BES models have become an important 
tool in the building energy field, providing users with performance indicators 
to be used in applications such as; performance ratings, life cycle cost 
analysis and for decisions regarding implementation of ECMs. These are 
examples of important drivers for a sustainable built environment. Thus the 
current frequent disagreement between predicted and measured 
performance may hinder an efficient and sustainable development in the 
building sector.  
Hans Bagge performs a review in [18] of the agreement between predicted 

and measured energy use in the building sector in Sweden. Bagge found that 
the measured energy use usually exceeds those predicted. This is in contrast 
with the US study on 121 buildings by Newsham, Manchini and Birt [19]. 
Newsham et al, found that on average the predictions performed well with 
the measured data. The average ratio between measured and design energy 
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use was close to unity of 0.92. Thus, approximately equal amount of projects 
would have had simulated data that exceeded those measured and vice versa. 
However, the spread in the ratio between measured and simulated data in 
[19] was high, ranging between 0.25 and 2.75 suggesting that cautions for 
design predictions is well founded for a specific building. These studies, and 
many others [20] [21] and [22] show that significant improvement is 
required if BES modelling is to become a more reliable tool in the design 
process for prediction of built performance.   
 

1.2 Verification methods of built performance 
 

To evaluate the calculations in the design stage a comparison with the EUI 
benchmark indicator is often made. The EUI indicator is a combined 
performance indicator of the building and its users and is calculated by 
normalizing the annual energy use (from the grid) with the floor area. Due to 
the highly aggregated nature of the EUI indicator it is problematic to use this 
indicator to deduce erroneous assumptions in the calculations. In that case, 
it can be beneficial to use performance indicators which are focused on the 
building performance.  
On such indicator is Ktot and it has been widely used to characterize the 

heat transfer through the building envelope above ground e.g. [5] [6] [23] 
[24] [25] [7] and [26]. Ktot represents an alternative way to compare 
predicted and actual outcome that is more focused on the building’s 
performance in comparison with the EUI indicator. One large challenge in 
the estimation of Ktot with regression analysis is to handle the heat 
contribution from solar gain, and if not considered the solar gain can 
introduce a severe bias in the analysis [27] and [7]. Another challenge is to 
address the fact that Ktot becomes slightly bias (overestimated) for the case of 
buildings with air-heat recovery. This is due to that, in those cases, the air 
heater, in the air handling unit, will only require heat at large Ti-To 
differences. Consequently, the linearization of the total supplied space heat 
from the grid against Ti-To become somewhat erroneous at large values of Ti-
To (i.e. the relation will show exponential tendency’s).   
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1.3 Calibrated simulation 
 
In a BES calibration process the used BES model is fitted to closely represent 
an existing building. This involves as-built information, audits, and 
monitored data. In the calibration process, parameters in the BES tool are 
adjusted until the difference between the simulated and measured data is 
reasonably small. The primary reason for adopting this approach is that it 
allows more reliable and detailed analyses of retrofit options [2] [3] [28] and 
[29]. In addition to higher expectations of accurate predictions, the hope is 
that the calibration process will identify erroneous assumptions in design 
stage models [30]. Thus, stimulating improvements in future design stage 
models.  
BES models can to some extent be calibrated with data collected via 

building audits. However the remaining parameters, which are difficult to 
measure or non-measurable parameters, e.g. (solar heat gain, heat gain from 
occupants, heat loss due to opening of windows, etc.) are usually estimated 
with a manual iterative procedure. This procedure is often associated with an 
abundance of trial and error [31]. Studies belonging in this category are for 
instance [32] [33] [34] and [35]. To date (as far the author is aware), no 
consensus guidelines exist on how to perform a BES calibration. This lack of 
a formal methodology has historically yielded results that become “highly 
dependent on the personal judgment of the analyst doing the calibration” 
[29]. Some researchers have suggested approaches to systemize the 
calibration process, e.g., [30] [31] and [34].  
These methods tend however, to be rather complex and too tedious for 

field application, e.g., Raftery et al concluded in the case study [36] of the 
calibration methodology presented in [30] that “…due to the amount of 
manual information transformation currently involved in the calibration of a 
model to this level of detail, the process takes considerable time and 
resources”. Liu et al [37] proposed that simpler calibration approaches also 
might work. The simplifications suggested in [37] are that all present air 
handling units are replaced by one, the building is assumed to have two 
heated zones and short-term measurements are sufficient (two weeks, hourly 
heating and cooling data). The calibration method presented in [37] is 
however still completely iterative, although a step-by-step procedure is 
provided to aid in the adjustment process of parameters.   
Reddy [29] presented a literature review of the most common calibrated 

simulation methods and classified them into four main groups: 
 
 
 
 

 



 

5 
 

- Manual iterative approaches with different levels of data collected 
via building audits e.g., [32] [33] [34] and [35]. 

- Calibration based on specific graphical representations of the results 
to guide the calibration process. 

- Calibration based on special tests and analytical procedures 
involving specific intrusive tests and measurements, e.g. [38], 

- Analytical and mathematical methods involving use of optimization 
algorithms [39] . 

 
Since Reddy's comprehensive review, Fumo [40] published a more recent 
review. In these reviews, no study was found that utilizes regression analysis 
in conjunction with BES models for calibration purposes. That is, regression 
models are not typically used to serve as feedback to BES models for 
calibration purposes. Most studies focus on the inverse situation, i.e. fitting 
regression models to simulated data e.g. [41] [42] [43] and [44]. One 
exception has been found in the recent study by Kim and Haberl [12] in 
which the authors propose a calibration method based on a three-parameter 
change-point regression model. But due to the highly aggregated nature of 
the regression model, the adjustment of the BES model was not 
straightforward. The calibration was based on a sensitivity analysis of the 
regression model when fitted to synthetic data. From this analysis the 
influential parameters were identified (i.e., which parameters to adjust in the 
BES tool).  
The information transfer between regression and BES model will become 

more straightforward as regression models become more detailed. Detailed 
regression models require detailed data which probably will be more 
commonly available in the near future. To conclude the literature review, it is 
evident that accurate predictions from BES models are associated with major 
difficulties. Calibration of these models can improve the simulation accuracy, 
but published BES calibration methods tend to be complex and too tedious 
for field application [37].  
This can lead the analyst to adjust the BES tool in an arbitrary way to 

agree with measured data. In that case, although the simulated data will be 
in good agreement with measured data, the model will most likely be a poor 
representation of the actual building. Consequently, development of a 
systematic, easy-to-use, calibration approach is needed. The verification of 
actual building performance presents further challenges due to the high user 
dependency of the EUI indicator. Regression methods can aid in both of 
these processes (i.e. calibration and verification) but in that case it is crucial 
that the regression parameters are easy to interpret, robust and have a small 
bias.  
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1.4 Objective and aims 

The overall objective of this thesis has been to develop and evaluate methods 
to improve verification and prediction of building performance. These 
overall objectives were decomposed into the following aims: 
 

• To develop a regression approach to be used for interpretation of 
EUIs and evaluation of ECMs.   

• To develop a regression approach that is both robust and can handle 
the presence of substantial solar gain.  

• To develop a systematic BES calibration method 

• To verify that calibrated simulations improve simulation accuracy. 
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2. Data  
 

The empirical data was gathered from six occupied multifamily buildings 
located in Ålidhem, Umeå, Sweden (Latitude 63.79; Longitude 20.29) during 
a refurbishment project, called Sustainable Ålidhem. The main part of the 
analysis in this thesis is based on data from two buildings renovated within 
the project, hereafter referred to as Building 1 and Building 2. In the start of 
the project, these buildings were used in a test-reference experimental 
scheme to evaluate effects of initial planned ECMs. The additional four case 
study buildings were constructed during the project and will be hereafter 
referred to as Building A to E. 

2.1 Sustainable Ålidhem  

The project, Sustainable Ålidhem, was a refurbishment project of 405 
existing apartments, built between the years 1970-1971 in the southeastern 
part of Ålidhem, Umeå. The four buildings constructed during the project 
(Building A-E) are shown with a blue square in the top left in Fig. 1 and  
Building 1 and Building 2 is shown with a yellow and red ellipse respectively 
in Fig. 1 below.  

 
Fig. 1. Picture of the project area, retrieved via google earth (and subsequently modified). The 
buildings enclosed by the blue square (building A-E) and the yellow ellipse (Building 1) and red 
circle (Building 2) studied in this thesis.  
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The main objective of the Sustainable Ålidhem project, (set by the project 
owner AB Bostaden), was to reduce the energy use in the area with 40-50%, 
to create a pleasant and safer outdoor environment and thus transforming 
Ålidhem to a more sustainable district. The project was a collaboration 
between, AB Bostaden, the energy company (Umeå Energi AB) and Umeå 
municipality. The project period was 14 December 2009 - 31 December 2014, 
more details of the project can be found at the webpage of the National 
Board of Housing, Building and Planning [45]. In order to evaluate if the 
energy goals were feasible and to enable learning, a measurement system 
(see, Fig. 2) was installed in Building 1 and a neighboring building, used as a 
reference, Building 2.  
A set of ECMs was subsequently implemented in Building 1. The 

differences in performance between the buildings was attributed to savings 
resulting from the taken measures in Building 1, see section 4.1 or appended 
paper I for more details. Another interest in the project was to verify that the 
four buildings (buildings A-E) met the expected performance. Buildings A-E 
were designed not to exceed an annual use of domestic hot water, building 
electricity and space heating of 65 kWh/m2, half of what the Swedish 
building code required at the time. Measurement systems were installed 
during the construction process and after the tenants moved into Buildings A 
to E, the predicted performance was compared with measured data. This led 
to interesting discussions with both the developer and the property holder. 
The results from this evaluation are described in paper II. The sustainable 
Ålidhem project has overall produced valuable insights and been awarded 
for instance with the Sustainable Energy Europe Award 2013 and the 
National Energy Globe Award 2014. 
 

2.2 Measured energy data  

In the early stage of the project, all the supplied energy to the buildings was 
retrieved from the local energy company. The responsibility of the metering 
of district heating (DH) was subsequently taken over by the property holder. 
Thus, DH data used in this thesis was mainly retrieved from the property 
holder and electricity data was obtained from the energy company. All 
buildings studied in this thesis used DH for space heating and domestic hot 
water preparation and electricity was used to operate household equipment 
and building service systems. The DH energy meter consists of a flow meter, 
two temperature sensors and a calculator. The flow meters in Building 1 for 
metering of domestic hot water and combined heat to the radiators and the 
air-handling units can be seen in Fig. 2a. In Fig. 2b the used meters to 
monitor the supplied heat to the air-handling units are shown.     
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Fig. 2. (a) Flow meters, (of accuracy class 2), mounted in the crawlspace in Building 1 for 
metering of domestic hot water and combined heat to the radiators and the air-handling units 
(b) Meters to monitor the supplied heat to the air-handling units.   

In Fig. 2a three flow meters are shown, (although the meter on the pipe on 
the on the top of Fig. 2a can only be glimpsed). This meter was used to 
monitor the return flow from the radiators and air-handling units. Through 
the two smaller pipes on the bottom in Fig. 2a, hot water flows to and from 
the water taps in the apartments. As this hot water circulates, heat will be 
emitted. This quantity was calculated manually, based on the average of the 
return and supply flow, to and from the taps, and the temperature difference 
between the flows. The calculator in the energy meters computed the heat 
values for the other cases automatically i.e., for (radiators plus air handling 
unit) and the air handling unit separately. 
For building A-E, the metering of space heating was restricted to total 

supplied heat to the radiators and air-handling units. That is, sub metering 
of the air handling units was not conducted in these buildings.  
In addition to DH measurements, global horizontal solar radiation (S) was 

measured at Umeå University’s weather station located approximately 1 km 
from the studied buildings. S data were also retrieved from a weather station 
managed by the Swedish Meteorological Hydrological Institute (SMHI), 
located less than 5 km from the site.  
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2.3 Field measured data 
 

For Building 1 and Building 2, on-site measurements were made of the 
outdoor and indoor air temperatures as well as on the air supply 
temperature from the air-handling units. These measurements were 
conducted with the previous models in the RTR-50o tiny-loggers series 
shown in Fig. 3a. The temperature data was logged and stored at a time step 
of 15 minutes. The air-supply velocities from the air-handling units were spot 
measured with a thermal velocity probe shown in Fig. 3b.  
 

    
Fig. 3. (a) RTR-50o tiny-loggers used to measure temperatures logged and stored at a time step 
of 15 minutes (b) Thermal velocity probe (Testo) used to spot measure air-supply velocities from 
the air-handling units in Building 1 and Building 2.  

The indoor air temperature was measured in half of the apartments in both 
of the buildings, and the thermometers were evenly placed to record both 
interior wall surface temperatures and zone center temperatures. The 
problem of defining one indoor temperature by weighting factors has been 
neglected since the different room temperatures were small, within ±2℃ and 
an average of the these temperatures has been applied. For weather file 
compilation purposes, the outdoor relative humidity was also measured on-
site. The outdoor temperature and humidity gauges were mounted under a 
roof eave sheltered from direct sunlight and precipitation. The measurement 
uncertainty is briefly discussed in appended paper IV. 
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2.4 IDA-ICE  
 

IDA Indoor Climate and Energy, (IDA-ICE) is one of the widely used BES 
tools, together with DOE-2 [47], ESP-r [48], EnergyPlus [49], and TRNSYS 
[50]. IDA-ICE was originally developed by the Division of Building Services 
Engineering at the Royal Institute of Technology and the Swedish Institute 
of Applied Mathematics [51]. Today it is maintained and supported 
commercially by EQUA [52] in Stockholm. The accuracy of IDA-ICE has 
been studied in several studies over the years. For instance, in the studies 
[53] and [54] it is shown that IDA-ICE performs well in comparison with the 
other previously mentioned BES programs.  
Several empirical validation studies have also been conducted. In [55] 

Travesi et al compared several building energy simulation programs output 
with measured data, including IDA-ICE. It was concluded that “the 
computer models were successful in calculating the measured values of 
several parameters of interest in building energy simulation. The calculated 
values generally fall within the range of experimental uncertainty of the 
measured data”. Loutzenhiser et al [56] conducted a similar study where it 
was concluded that “All simulation results corresponded well with the 
experimental data”. A more extensive review of IDA-ICE validation studies 
are conducted in [51]. Due to the proven accuracy of IDA-ICE, its user 
friendly interface as well as the fact that it is under continual development, 
IDA-ICE was chosen as an BES tool in this thesis. 
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3. Methods 

3.1 Power-balance and fundamental assumptions 

To obtain parameter estimates that allow direct physical interpretation, one 
needs to formulate models based on physical principles such as the buildings 
power balance. This can be done by defining a system (a control volume) that 
includes the entire building and setting the boundary right outside the 
building exterior surfaces. Then the change in the total energy per time unit 
of the control volume ∆PCV is equal to the difference between the total energy 
entering and leaving the system, that is 
 
∆PCV= Pentering -Pleaving= Ph +Pp +αPelec +Psol +Pdhw -Ptr.air-to-air -Pvent -G. (1) 
 
Where, Ptr.air-to-air, is air-to-air transmission losses. Ph denotes the combined 
emitted heat from radiators, air-handling unit and circulation of domestic 
hot water. The term αPelec expresses the emitted heat from the use of 
electricity. The contribution to space heating from the use of domestic hot 
water Pdhw is difficult to estimate. In this thesis it has been assumed that the 
contribution is negligible, i.e. Pdhw is assumed to be balanced by the heat loss 
from cold water in the apartments. However, the gained heat due to 
circulation of hot water was measured (Fig. 2a) and included in Prad in the 
case of Building 1 and Building 2. The emitted heat from the circulation of 
hot water requires manual calculations and additional meters than normally 
installed in the building process.  
This heat contribution is usually very close to constant and will have a 

very limited effect on the estimation of Ktot which was the focus in the 
analysis of buildings A-E. Consequently, for these buildings the gained heat 
due to circulation of hot water was not measured.  
The internal heat gain due to occupancy, Pp, has been calculated in this 
thesis. In order to calculate Pp, information of the number of occupants, daily 
schedule of presence and emitted heat per person is needed. In the case of 
the buildings A-E, Pp was calculated based on standardized values of the 
number of tenants in the buildings, a daily occupancy schedule of 14 hours 
and 80 W of emitted heat per person was assumed in accordance with [57]. 
The same approach was used in the case of Building 1 and Building 2 with 
the difference that the number of occupants in that case was gathered from 
public records.  
If daily average data is used, most of the thermal dynamics will be 

dampened and the static approach will provide a good description of the data 
[58].  In this thesis, average data over four days has been used. In that case, 
the heat stored in or released from the building, ∆PCV becomes very small 
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compared to the total supplied thermal energy during the averaged period. 
Consequently, ∆PCV can then be neglected with small influence on the 
results. Four days average intervals was chosen due to that the time constant 
for the building type, was experimentally estimated in [59] to be of that 
order.   
 

3.2 Regression models 
  
With the above assumptions and further assuming that Ptr.air-to-air and Pvent is 
proportional to the indoor-outdoor temperature difference, Eq. 1 may be 
rewritten as 
 
Ph + Pp + αPelec =Ktot(Ti-To) + G -Psol.   (2) 
 
The measurement system in Building 1 and Building 2 makes it possible to 
divide Ph in Eq. 2 as  
 
Ph=Prad +Pairh.     (3) 
 

It is further possible to break down Ktot into its transmission and ventilation 
parts. Focusing on the exhaust air stream Qe, Ktot may be expressed as 
 

Ktot(Ti-To) = AUt(Ti-To) + Qe(Ti-To)ρCp    (4) 
 
For a building, with a mechanical ventilation (CAV) system, the exhaust 
ventilation airflow Qe is balanced by the supply and infiltration airflow Qs 
and QL respectively. Rewriting the ventilation losses, Qe(Ti-To)ρCp in Eq. 4 
with Qe=Qs+QL gives 
 
Qe(Ti-To)ρCp= Qs(Ti-To)ρCp + QL(Ti-To)ρCp   (5) 
 
The right side of Eq. 5 may be divided for a building with a CAV system, 
without heat recovery as  
 
Qe(Ti-To)ρCp = Qs(Ts-To)ρCp + Qs(Ti-Ts)ρCp + QL(Ti-To)ρCp  (6) 
 
Where, the first term accounts for the supplied heat to the ventilation air 
heater Pairh. The second term accounts the heat transfer associated with the 
convergence of the air supply temperature Ts and indoor temperature, Ti and 
the last term accounts for the heat loss due to air leakage.  
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For a building, with a CAV system with heat recovery the right side of Eq. 5 
may be divided in a similar way as 
 
Qe(Ti-To)ρCp = Qs(Ts-Tx)ρCp + Qs(Ti-Ts)ρCp + QL(Ti-To)ρCp  (7) 
 
Where the first term accounts for the supplied heat to the ventilation air 
heater Pairh, which is used if the inlet air temperature after the heat 
exchanger, Tx is lower than the set air supply temperature, Ts. The second 
and third term describes, as in Eq. 6, the heat transfer associated with the 
convergence of Ts and Ti and heating of air leakage, combining Eq. 2, 3, 4 
and 6 in the case of building no. 2  yields,  
 
Prad + Pairh + Pp + αPelec = [AUt+QeρCp] (Ti - To) + G -Psol= 
[AUt+QLρCp](Ti - To) + QsρCp[(Ts - To) + (Ti - Ts)] + G-Psol  (8) 
 

In a similar way rewriting the power balance for the case of Building 1 now 
utilizing Eq. 2, 3, 4 and 7 we get 
 

Prad + Pairh + Pp + αPelec = [AUt+QeρCp] (Ti-To) + G -Psol = 
[AUt+QLρCp](Ti - To) + QsρCp[(Ts-Tx) + (Ti-Ts)] + G -Psol  (9) 
 

In order to estimate a building’s heat loss due to transmission and air 
leakage from a regression analysis of measured data, Eq. 8 and 9 have to be 
rewritten. Utilizing the fact that Pairh = Qs(Ts-To)ρCp for Building 2 and Pairh = 
Qs(Ts-Tx)ρCp for Building no. 1, we finally obtain 
 
Ptr=Prad + Pp + αPelec - Qs(Ti-Ts)ρCp = (AUt+QLρCp)(Ti-To) + G -Psol                     (10)                       
 
 
Based on the assumption that (G-Psol) in Eq. 10 can be considered as 
constant, (AUt+QLρCp) and (G-Psol) may be obtained from a linear 
regression, where (AUt+QLρCp) is the air-to-air transmission, including air 
leakage (heat loss factor). If Eq. 10 is fitted to data when S is small, Psol will 
have a small impact on the analysis, consequently (G-Psol) ≈ G. This has been 
a fundamental requirement of the use of Eq. 10. However, in section 3.2.1 a 
method is proposed for the use of Eq. 10 for extraction of the heat loss factor 
from performance data from time periods of substantial solar gain.  
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3.2.1 Approaches to handle substantial variation in (G-Psol) 

 
For buildings with a concrete floor slab, the assumption of a constant (G- 
Psol) is mainly dependent on the size of Psol if short term consecutive data are 
used in the regression. This is due to that G has small variation during fairly 
short periods due to large thermal inertia of the ground. Thus, if Eq. 10 is 
fitted to consecutive data from periods when Psol is substantial, the 
assumption of a constant (G-Psol) will result in severe bias in the heat loss 
factor.  
Since the requirement of very small Psol is limiting for the use of Eq. 10, 

four regression approaches was evaluated in paper V to handle the case when 
Psol is substantial. The first investigated model was derived by substituting 
Psol, in Eq. 10 with the term, ηAeS in accordance with the EN 15603 standard 
[60] leading to 
 
Ptr = (AUt+QLρCp)(Ti-To) +G - ηAeS.                           (11) 
 
Where the term, ηAe is to be estimated in the regression and is a measure 

of how much of S that is converted into useful heat. One problem that can 
occur with Eq. 11, hereafter referred to as Model 1 is collinearity between the 
independent parameters, in this case between (Ti-To) and S. Model 1 
performs best when the analyzed period contains a large variation in both 
explanatory variables. This often means that short time periods, such as two 
months, can be inadequate and the analyzed period must be extended. 
However, this compromises the assumption of a constant G during the 
analyzed period in addition to the problem of collinearity.  
Therefore a second regression method referred to as Model 2 was 

evaluated based on utilizing synthetic data for the solar gain (Psol.ida) 
generated by IDA-ICE 4.61. With the substitution of Psol in Eq. 10 with Psol.ida 
Eq. 10 can be expressed as 
 
Ptr+Psol.ida= (AUt+QLρCp)(Ti-To) + G.                           (12) 
 
Eq. 12, hereafter referred to as Model 2, maintains the analysis on a single-
variate basis and consequently, no collinearity can exist between 
independent parameters. The drawback with Model 2 is that its accuracy is 
dependent on the accuracy of the calculated Psol.ida, which in turn is 
dependent on both the simulation tool and the settings that are used.  
Therefore, an alternative method was proposed in paper V based on 

preprocessing the measured data with respect to the inherent seasonal 
symmetry of the sun. This was done simply by pairing data from time 
periods equidistant from the winter solstice, illustrated in Fig. 4.  
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Fig. 4. (a) Global horizontal solar radiation (S) from two periods equidistant from the winter 
solstice as a function of time. (b) Merging of the two datasets (same labeling of data points as in 
(a)). 

In Fig. 4a, data of measured S are shown for two periods on opposite sides of 
the winter solstice. In Fig. 4b, the S of the two datasets is plotted against (Ti-
To). As seen in Fig. 4b, the collinearity between S and (Ti-To) is strongly 
reduced and exhibits only a weak dependency as illustrated by the regression 
shown in the graph. Thus when preprocessing data based on the inherent 
seasonal symmetry of the sun, the variation in S is highly reduced (as in Fig. 
4b) as well as the variation in Psol because S and Psol are highly correlated. 
This allows the use of Eq. 10 as a regression model, i.e., 
 
Ptr = (AUt+QLρCp)(Ti-To) + G-Psol.                               (13) 
 
Eq. 13, hereafter referred to as Model 3 is to be used for paired data. The 
advantages of this approach are the strong reduction of the collinearity 
between Psol and (Ti-To) and the fact that it does not involve any use of 
synthetic data. Although the paired-data approach is successful in reducing 
the troublesome collinearity problem and constitutes an important step in 
assuring that the term (G-Psol) can be treated as a constant, the pairing of 
data from two different periods might enhance the variation in G.  
In Fig. 5a are calculated values of G for the same time periods as in Fig. 4 

is shown.  
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Fig. 5. (a) Heat loss to ground (G) calculated with IDA-ICE ver. 4.61 for 23 Sep.–22 Oct., 2013, 
and 23 Feb.–22 Mar., 2014. (b) G as a function of (Ti -To) when the data for G for 23 Feb.–22 
Mar., 2014, are adjusted downwards by the average difference between the two datasets (same 
labeling of data points as in (a)). 

It can be seen in Fig. 5a that G is fairly constant for each subset, but the 
magnitudes are different. A simple way to compensate for this is to use the 
average difference, ∆G, between the two subsets. This is demonstrated in 
Fig. 5b, where G for the period 23 Feb. to 22 Mar. is shifted down by ∆G. 
This approach was used when combining data from two separate periods 
into a paired dataset, i.e., the values of Ptr for one of these periods was simply 
shifted by ∆G. Through this preprocessing of data, approximately the same G 
was obtained for the paired dataset. In order to assure that (G-Psol) is as 
constant as possible, the remaining collinearity between Psol and To in the 
paired dataset was also addressed. For the solar gain, we used a linear 
description: 
 

Psol = asol+bsol(Ti-To).                            (14) 
 

Where the slope, bsol, was obtained from a regression of synthetic solar gain 
data, Psol,ida, versus Ti-To. Inserting Eq. 14 in Eq. 13 and considering the shift 
in G we obtain Model 4, as 
 

P*tr = (AUt+QLρCp-bsol.ida) (Ti-To) + G*-asol.                                   (15) 
 

Where, * denotes the shift, ∆G. This means that in the case of the dataset 
shown in Fig. 5, the Ptr of the period 23 Feb.–22 Mar. has been replaced with 
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Ptr-∆G in the analysis. The regression output for G* then represents the 
estimated G for the period 23 Sep.–22 Oct. 
To summarize, the preprocessing of the data in Model 3 involves pairing 

of data from two time periods on opposite sides and equidistant from the 
winter solstice. In Model 4, additional preprocessing was performed by using 
the calculated G to eliminate the difference, ∆G, between the two subsets. 
Finally, when analyzing the regression output the remaining collinearity of 
Psol and To has been addressed with synthetic data. 
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4 Results and discussion 
  

4.1 Suitability for evaluation of ECMs  
 

The main idea in paper I was to evaluate the heat loss factor of Building 1 
before and after a refurbishment. Another interest was to compare the heat 
loss factor extracted from measured data with calculations made in the 
design stage. As mentioned in section 2.1, Building 2 was used as reference 
and the difference in performance between the buildings was attributed to 
savings resulting from the implemented measures in Building 1.  
This test-reference approach to evaluate ECMs was possible due to 

identical building designs before the refurbishment. These similarities were 
also confirmed through a comparison of the buildings, heat demand, from a 
couple of months prior to the refurbishment. Building 1 and Building 2 can 
be seen in Fig. 6.  
 

    
Fig. 6. (a) Building 1 under refurbishment (b) Building 2 in original condition used as reference.   

The measures that were taken in Building 1 that affected the thermal 
performance were; additional interior wall insulation, improved roof 
insulation, a new ventilation system with an air heat exchanger and energy 
efficient windows (triple glazed). The improvement due to these measures 
was calculated by consultant engineers before the refurbishment. The 
calculated reduction in the the heat loss factor was 28%, corresponding to a 
decrease from 0.60 to 0.43 kW/°C.  
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Based on data collected during the darkest winter months the regression 
analysis yielded an estimate of the the heat loss factor at 0.67 kW/°C for 
Building 2 and 0.51 kW/°C for Building 1, corresponding to a reduction of 
23% (see Fig. 9).  
When comparing the predicted and actual outcome, it was thus found that 

the size of the reduction was in a fairly good agreement with what the 
consultant predicted. However, the obtained estimates of the heat loss factor 
were larger than calculated. The reason behind this discrepancy was difficult 
to analyse since we only had access to aggregated data of different input 
parameters from the consultant. Nevertheless, such comparisons enable a 
learning process which is the basis for improvement of future calculations. In 
addition, based on the regression models high goodness of fit, R2>96 and 
good agreement of independent calculations of G it was concluded that the 
model was a good candidate to be used for evaluating EMCs. To strengthen 
these indicative conclusions, the robustness of Eq. 10 was further 
investigated in paper III.    
 

4.2 Suitability for verification of built performance  

In the verification stage, the most commonly used indicator to assess 
building energy performance is the energy use intensity (EUI) indicator. A 
buildings EUI is calculated by summing up energy use over a year and 
normalizing with the floor area. Climate adjustment of the measured EUIs is 
often performed to enable benchmarking against other buildings.  
The hope is that wide differences between building EUIs will indicate 

inefficient buildings where improvements can be made. A problem is 
however that the EUI indicator can show large variation even between 
similar buildings [20]. Thus, confusion can occur when predicted and actual 
outcomes are compared using only this indicator.  
Therefore, the objective in paper II was to investigate if regression models 

could be used to gain more insights and knowledge in the verification 
process compared to what is possible with the EUI indicator. As case studies, 
building A-E were used. These buildings had high similarities in design but 
showed surprisingly large variations in measured EUIs. These variations can 
be seen in Fig. 7 where the measured EUIs are shown together with a 
sensitivity analysis of the area chosen for normalization of the annual energy 
use.  
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Fig. 7. Supplied annual energy use from the grid (except household elec.) to buildings A-E  
normalized with total heated floor area (EUI ), with apartment floor area (EUI*) and with 
envelope surface area (EUI**). 

It can be seen in Fig. 7 that the ranking of the indicators changes when the 
envelope surface area is used for normalization (EUI** cases). Since the 
buildings demand for space heating is correlated with the size of the 
envelope area and the studied buildings were of different sizes, it was 
expected that the variation of the EUI** indicators would be smaller 
compared to the original EUI cases.   
However, since other factors are influencing the EUI**s such as domestic 

hot water usage, solar gains etc. differences will continue to exist, (despite of 
the very high building similarities). To better understand the variation in the 
measured EUIs, the thermal performance of the buildings was investigated 
through the buildings overall heat loss factors. Ktot for each building was 
obtained by a least square fit of Eq. 2 to measured data during a time period 
of low solar radiation. The results are shown in Fig. 8 where each Ktot is 
shown with an error bar representing a confidence interval (CI) of 95%.  
In Fig. 8a each Ktot was normalized against air-to-air envelope area and for 

comparison Ktot normalized with heated floor area is shown in Fig. 8b.  
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Fig. 8. (a) Regressed heat-loss factor (Ktot) normalized against building envelope area above 
ground and (b) normalized with floor area.  

Ktot, for these buildings, mainly consists of transmission losses (air-to-air) 
which are governed by the envelope areas and associated U-values above 
ground. Consequently, the quantity, Ktot normalized with the air-to-air 
envelope areas, mainly correspond to the overall U-values above ground.  
It can be seen in Fig. 8a that all CIs overlap for this quantity. This yielded 
that we could not see a statistical significant difference between the buildings 
overall U-values above ground. This affirmed our expectations since the 
buildings had approximately the same design overall U-values. 
The difference increases however in Fig. 8b and it is evident that the larger 

buildings B and CD have considerable lower estimates of Ktot per floor area 
compared to the smaller buildings E and A.  
If Ktot, normalized with floor area, in fig. 8b is compared with the variation 

of EUIs in Fig. 7 the same rankings between small (A and E) and large (B and 
CD) buildings can be seen. (This indicated that it is beneficial for large 
buildings to be assessed with the EUI indicator).  
But the variation in Ktot per floor area did not completely explain the EUIs, 

since building B had a larger Ktot per floor area compared to building CD, but 
building B nonetheless scored the best EUI of the two. This indicated a need 
to proceed to examine the buildings received solar gain for further insights. 
To investigate if differences in utilized solar gain would further clarify 

differences in EUIs, the solar term, Psol, in Eq. 2 was changed to the form 
(ηAeS) in accordance with the EN 15603 standard [60]. And the analyzed 
period was extended to the whole heating season so that the data would 
contain sufficient variation in both explanatory parameters S and Ti-To. The 
results are listed in table 1 when Eq. 2 was fitted to data from the entire 
heating season. For comparison, the results when data from low S was used 
in the extraction of Ktot are also shown.   
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Table 1. Result of parameter identification with linear regression, with different datasets. The 
associated standard errors are shown in parenthesis. 

Building 
no. 

Using whole heating season data  
 

Using data collected during 
low S  

Ktot [kW/K] ηAe [m2] G [kW] Ktot [kW/K] G [kW] 

A  1.04(0.03) 16.0(3.0) -1.7(0.8) 1.02(0.04) -0.8(1.0) 

B 1.29(0.10) 24.9(7.8) -2.4(2.2) 1.27(0.11) -0.5(2.6) 

CD  1.38(0.05) 12.7(4.1) 1.9(1.1) 1.34(0.05) 2.8(1.6) 

E  0.97(0.03) 15.6(2.4) -1.2(0.6) 0.96(0.03) -0.7(0.9) 

 

 
It can be seen in table 1 that the introduced solar term ηAeS in Eq. 2 has 
worked well on capturing the introduced variance in the dependent variable 
due to solar gain. It is apparent from table 1 that building B utilized the 
largest amount of solar gain during the heating season (due to the highest 
ηAe factor) and the ηAe factor is fairly equal for the other buildings. This can 
be explained by the fact that building B is orientated with its long side 
façades towards north/south, the large glazed surface area in the south 
direction is reflected in the higher estimate of ηAe. The other buildings have 
their smaller gable walls in the south direction and thus have smaller solar 
apertures in that direction.  
In brief, through the regression analysis it was estimated that building B 

had the second lowest estimate of Ktot per floor area (Fig. 8b)  and the largest 
ηAe factor (table 1) leading to scoring the lowest heat demand per floor area 
of the studied buildings (and also EUI).  
Building CD had the lowest Ktot per floor area, but also the lowest solar 

aperture (roughly half compared to building B) leading to the second place in 
heat demand per floor area. For the smaller buildings A and E, strikingly 
equal estimates of Ktot per floor area and solar apertures were found, thus 
leading to scoring similar heat demand per floor area (and EUIs).  
Thus, it was concluded that the differences in EUIs were likely to be due to 

a combination of the chosen area for normalization and solar gain and not 
the consequence of variations in actual U-values and HVAC systems. Since 
the regression analysis provided additional insights in the verification 
process compared to what was possible with the EUI indicator it was 
concluded that the used regression approach can perform well as a 
complement to the EUI indicator.  
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4.3 Suitability for calibration of BES models  

4.3.1 Robustness  

 
As mentioned in the introduction, BES calibration methods tend to be 
complex and too tedious for field applications. The objective of Paper III was 
therefore to propose an easy-to-use, systematic approach for calibration of 
BES models for existing buildings. The proposed calibration (PC) approach 
is straightforward and simply based on adjusting the standardized settings of 
AUt+QLρCp and (G-Psol) in the BES model to coincide with the regressed 
estimations.  
In the same manner as in Paper I, Eq. 10 was in paper III fitted to short-

term data, collected when the solar gain was small, allowing for the 
contributions to heating from the sun (Psol) to be neglected. In paper III the 
analysis was extended with data from two different years in order to estimate 
the year-to-year variation in AUt+QLρCp. The results for the heating season 
2010/2011 can be seen in Fig. 9 and results for the subsequent heating 
season in Fig. 10. 
 

 
Fig. 9. Supplied power to Building#1 and #2 for balancing losses due to transmission and air 
leakage plotted against the temperature difference indoors-outdoors during Dec.-Feb 2010/2011  

In Figs. 9 and 10 the left side of Eq. 10 is plotted versus (Ti-To), the slopes 
and intercepts of the linear fits give estimations of AUt+QLρCp and G 
respectively. The impact of the taken ECMs in Building 1 can be clearly seen 
in Figs. 9 and 10 by the difference in AUt+QLρCp between Building 1 and 
Building 2. The difference corresponds to 23% in fig. 9 and slightly higher 
difference of 26% in Fig. 10. Also noticeable in fig. 10 is that the variance in 
the data was significantly lower compared to the analyzed data during the 
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previous heating season in Fig. 9. Low variance in the data is negative in 
regression analysis since it makes the fitted models unstable and the 
standard errors of the regression coefficients large. Consequently, if the data 
has too low variance, then the measuring period must be extended. 
Fortunately, despite the relative low variance in the data in Fig.10, the 
regression yielded results in good agreement with what was received the 
previous year.   
 
 

 
Fig. 10. Supplied power to Building#1 and #2 for balancing losses due to transmission and air 
leakage plotted against the temperature difference indoors-outdoors during during Dec.-Jan. 
2011/2012. 

It can be seen in Fig. 9 and Fig.10 that the year-wise variation in AUt+QLρCp 
for each building was small, (less than 2.0%).  
 

4.3.2 Agreement with theory  

 
To study the feasibility of the estimations of G in Figs 9 and 10, a comparison 
was made with calculations in accordance with the European Standard [46]. 
These calculated values of G together with the regressed estimations are 
shown in Fig. 11.   
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Fig. 11. Calculated ground heat loss during for the two studied buildings the colored bars 
represents sand and gravel mix and white bars represents clay. Regressed average estimates are 
shown as horizontal lines and the associated standard errors at 95% confidence level shown as 
vertical error bars.  

It can be seen in Fig.11 that the regressed estimations were in fairly good 
agreement with the performed calculations of G for the two buildings even 
though some differences existed. The somewhat lower regressed value of G 
for Building#1 during Dec.-Jan. 2011/2012 in Fig.11 was mainly believed to 
be due to installation of external edge ground slab insulation during the 
refurbishment which was probably not fully captured in the calculations. 
 

4.3.3 Preliminary BES calibration results 

 
To exemplify the usage of these parameters for BES calibration, IDA ICE 
(ver. 4.5) was used to define two BES models for each building. The initial 
models represented typical design stage models based on inputs from 
standardized templates and as-built drawings. The models calibrated with 
the regressed parameters were obtained by adjusting the standardized 
settings of AUt+QLρCp and G in the initial models to coincide with the 
regressed parameters (PC approach). In addition, measured data of 
electricity, heat gain due to domestic hot water usage, indoor temperatures 
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and air handling unit performance parameters were also used in the 
calibration. The agreement between simulated and measured data improved 
significantly due to the calibration, to the extent that the calibration 
tolerance limits suggested in ASHRAE Guideline 14 [61] were met.  

4.3.4 Comparison with other calibration methods 

In paper IV, the PC approach was evaluated in comparison with a more 
conventional calibration (CC) approach with different degrees of complexity, 
starting from design stage assumptions (DS models), through audits (AS 
models), and lastly by refining the model with detailed measurements and 
numerical calculations (RA models). In Fig. 12 a schematic representation of 
the calibration process in the appended paper IV is shown.  
 

 
 
 
 
   
 
 
  
 

 
 
 
 
 
 
 

Fig. 12 Overview of the calibration process conducted in paper IV.  

The left path in Fig. 12 represents the CC approach and the right path the PC 
approach. Step 2 in Fig.12 is a mandatory part of the calibration process, i.e., 
updating the DS model with on-site observations and measurements. The 
third stage involves adjusting parameters which are practically difficult or 
not possible to measure. This last stage of calibration step has historically 
often been done through a manual iterative approach. This iterative process 
is strongly reduced with the PC approach since, AUt+QLρCp and G defines the 
thermal performance of the building envelope and thus sets the calibration 

Design stage 
(DS) models 

Typical values of 
all input data.  

Input of actual 
operating conditions  

PC 
models 

Input of regressed 
estimations of 
AUt+QLρCp and G 

Refined 
audit stage 
(RA) models 

Input of 
numerical 
calculations 
of thermal 
bridges 

Audit stage 
(AS) models 



 

30 
 

targets. The definition of the building envelope in the last step of the CC 
approach, (RA models in Fig 12), was made through numerical calculations 
of thermal bridges in accordance with the ISO 10211 standard [62]. The 
overall calibration results achieved from the calibration scheme in Fig. 12 are 
shown in Fig. 13. The simulation accuracy in Fig. 13 was assessed with 
statistical indices; coefficient of variation (CV) and normalized mean bias 
error (NMBE), which are described in ASHRAE Guideline 14 [61]. 
 
 
 

 

Fig. 13. (a) NMBE for all simulation cases calculated with monthly simulated and measured data 
for space heating, where the horizontal lines represent the calibration tolerance limit in 
ASHRAE Guideline 14. (b) CV for all simulation cases calculated with monthly simulated and 
measured data for space heating, where the horizontal line represent the calibration tolerance 
limit in Guideline 14.   

It can be seen in Fig. 13 that the DS models significantly overestimated the 
measured data with NMBEs on the order of about 30% and 14% for Building 
1 and Building 2, respectively. The main reason for the overestimation at this 
stage was due to the assumption of thermal bridges. This heat loss was 
estimated with standard linear thermal transmittance values tabulated in 
ISO 14683 standard [63]. The alternative Swedish approach [64] to increase 
the calculated overall U-value (without including thermal bridges) by 20%, 
would probably have produced better results. But, the reasonableness of the 
heat loss due to thermal bridges is not trivial to assess in the design stage. 
Interesting to note is that when the DS models were updated with measured 
data, the improvement was large for Building 2, but fairly unchanged for 
Building 1 (AS models in Fig. 13). This inconsistency suggests that inputs 
from the audits are by itself not enough to create accurate models.  
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It can further be observed that the agreement with the measured data 
from the AS models onwards improved significantly. This was mainly due to 
the introduction of numerical calculations of thermal bridges (the RA models 
in Fig. 13). The simulation accuracy improved further with the PC models 
since in those cases the buildings entire envelopes were calibrated. The PC 
models were in addition very fast to calibrate since the regression provides 
targets that can be easily reached by adjusting the parameters in the BES tool 
that governs the AUt+QLρCp and G losses.  
Since it is possible to adjust the BES tool in different ways to coincide with 

the regressed estimations, it is recommended to tune those parameters that 
are associated with largest uncertainty. This has been done for Building 1 
and Building 2, by an adjustment of the heat losses due to thermal bridges 
and the thermal conductivity of the ground.  
 

4.3.5 Calibration with data from periods of substantial solar 

gain  

 
In northern climates such as Umeå, Sweden the transmission losses are 
typically large during the heating season and the solar gains are almost zero 
during the darkest winter months. As a result, good conditions exist to 
estimate transmission losses with a high accuracy.  
In more southern locations the transmission losses are lower during the 

heating season and the solar gains are often substantial. As a result, the 
difference between transmission losses and solar gains are difficult to 
estimate with the same accuracy as in the first case [65]. One experimental 
approach to increase the accuracy in identification of transmission losses is 
to shield the building from solar gain during the measured period. This was 
done in a study in Belgium [66].  
But, since this approach is difficult to utilize in occupied buildings, the 

objective in paper V was to propose methods to counteract the hindering 
factors for the use of the PC approach in more southern locations. Thus, the 
task was to propose a suitable method to minimize the bias introduced in the 
heat loss factor due to an increase of S and a decrease of (Ti-To) in the 
measured data. To tackle this, the performance of four regression models, 
(described in the section 3.2.1 and the appended paper V), of identifying the 
heat loss factor based on data from periods of substantial solar gain in 
Building 1 were investigated.  
Where, Models 1 and 2 used a conventional approach of including a solar 

term in the power balance and the regression analysis was performed with 
consecutive data. In Model 3, the influence of the solar gain was suppressed 
by pairing data from two time periods on opposite sides and equidistant 
from the winter solstice (referred to as a paired-data approach).  
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In Model 4, in addition to rendering Psol to a large extent constant with the 

paired-data approach, synthetic data of G were used to correct for 
differences in G between the two datasets to be paired. Finally, in Model 4 
the remaining collinearity of Psol and To, (i.e. not eliminated paired-data 
approach) was addressed with synthetic data of Psol. 
The results from these four regression models are shown in Fig. 14 as 

relative percentage deviations from a reference heat loss factor of Building 1. 
The reference heat loss factor was estimated to be 0.509 kW/K on average 
based on data from periods with almost zero solar gain for the two heating 
seasons. In Fig. 14 the numbering of the Paired data sets indicates proximity 
to the reference periods, (for exact dates see appended paper V). 
 
 

 

Fig. 14. (a) and (c) Deviation in regressed estimations of air-to-air transmission losses, including 
air-leakage, from the reference value for the four different models for the heating season 2011-
2012 and (b) and (d) for the heating season 2013-2014. 
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It can be seen in Fig. 14 that Model 1 and Model 2 performed similarly (year-
wise). The deviation for the heat loss factor for Model 3 was the most 
systematic, and the heat loss factor was overestimated for all tested periods. 
This was due to that the pairing of data from two time periods enhanced the 
variation in G. In Model 4 this was addressed, (and remaining bias from 
solar gain), which can be seen in Fig. 14 improved the results for all periods 
except for Paired set 2. In paper V it was shown that the large deviation for 
the Paired set 2 could to a large extent be explained by the presence of an 
insulating layer of snow on the ground and not considering the associated 
insulating effect in the calculations of G. 
However, even without the consideration of the insulating effect of snow in 
the calculations, Model 4 performed overall very good compared to the other 
models. The average absolute deviation of the estimations of AUt+QLρCp 
from the reference heat loss factor was 4.0% compared to about 9% for the 
other investigated models in Fig. 14.  
The regressed estimate of heat loss factor can subsequently be used to 

estimate the difference (G-Psol). This difference can easily be obtained with 
the use of Eq. 10 and AUt+QLρCp as input. By using (G-Psol) estimated from 
regression in a BES calibration scheme, the adjustments can be done with 
both parameters (Psol.ida and Gida) in the simulation to coincide with (G-
Psol)regression. Consequently, freedom exists to tune respective parameter, 
within the boundary constraint set by (G-Psol)regression. 
In paper V an IDA-ICE model of Building 1 was adjusted based on 

utilization of Model 4 and data from periods of substantial solar gain. In the 
tuning process, the regressed estimate of AUt+QLρCp and corresponding 
estimate of (G-Psol)regression was used. In addition, inputs from measured data 
of operating conditions and on-site weather data were also used in the 
calibration process. After the calibration, the model was in good agreement 
with the measured annual space heat demand, comfortably passing the 
tolerance limits suggested ASHRAE guideline 14 [61]. 
An important step in Model 4 is the correction of G. The correction of G is 

larger in the northern Swedish climate than in more moderate climates. 
Consequently, the dependence of this correction is expected to decrease in 
more moderate climates and with it the associated error. These general 
climatic trends together with the results presented in paper V indicate that 
Model 4 can extend the use of single-variate regression models for BES 
calibration purposes to locations where the solar gain is substantial during 
the heating season.  
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4.4 Benefits with calibrated simulations 
 
Since calibration is not an end in itself, the question if calibrated simulations 
can be considered worth the additional effort needs to be investigated. 
Hence, the objective of paper VI was to investigate discrepancies between 
outputs from uncalibrated models and calibrated models, when they were 
used to calculate energy savings.  
 

4.4.1 Difference in predicted energy savings, basic vs calibrated 

model 

 
For this, the DS and PC model, (in this section referred to as basic and 
calibrated model respectively), of Building 2 was used to predict energy 
savings resulting from the listed ECMs below  
 

1. New and larger room in the attic for the air handling unit 
2. Heat recovery of the exhaust air  
3. Improved roof insulation     
4. A replacement of two glazed to three glazed windows  
5. Adjustment of domestic hot water circulation losses 
6. Additional interior insulation of exterior walls 

 
In addition to the six above listed individual ECMs, three different sets of 

ECMs were also analyzed, these were:  

• Set1, Composed of ECM 1 and 2  
• Set2, Composed of ECM 3, 4 and 6  
• Set3, All individual measures implemented. 

 
The individual and sets of ECMs were evaluated separately so that a 

decision could be made for each category. The energy savings were estimated 
by adding each individual ECM to the models and the predicted energy 
demand (ÊECM,i) was compared with the forecast of the previous prediction 
(ÊECM,i-1). This adding of measures continued until all measures was included 
and thus represented the post-retrofit situation. The predicted percentage 
savings for both models was calculated, according to: 
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Where Emeasured,DH is the measured DH demand for space heating 
(radiators and air handling unit), during the analyzed year, pre-retrofit. Eq. 
17 was further used to analyze, model differences for the sets of ECMs, then 
with ÊECM,i-1 substituted against the predicted model energy demand in the 
present situation (i.e. held fixed) and ÊECM,i  then corresponded to the model 
forecast for the ith set of ECMs.  
The results of the predicted energy savings from the calibrated and basic 

model are shown in Fig. 15 for all individual and sets of ECMs.  
 

 
Fig. 15 Annual predicted percentage savings with the two BES models due to individual as well 
as sets of ECMs 

In Fig. 15 the smallest discrepancies between the models can be observed for 
the ECMs, which affects the buildings transmission losses ECMs (1, 3, 4, 6 
max deviation 1.8%) as well as for Set2, with a 2.6% difference between the 
two model predictions. The difference between the models was, however 
substantial (14.2%) for prediction of energy savings due to implementation 
of heat recovery in the ventilation system (ECM 2). 
This was mainly due to that different air rates were assumed in the 

models. In the basic model a higher air rate was assumed compared to the 
calibrated model, which uses the measured air rate, hence a larger saving 
potential exists in the basic model for this ECM. This created subsequent 
errors by the basic model in the combined sets, Set1 and Set3 with a 12.4% 
and 12.2% deviation in comparison with the calibrated model. 
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4.4.2 Agreement with actual outcome 

 
The reasonableness of the predicted post-retrofit energy demand from the 
models could be investigated by a comparison with the actual outcome in the 
neighboring building, Building 1. In Building 1 these simulated ECMs had 
already been implemented, (and evaluated in paper I). Due to the very high 
similarities between the buildings, before the refurbishment, it was assumed 
that predictions made with a calibrated BES model of Building 2 would be a 
good representation of a BES model of Building 1 if the measured operating 
conditions were changed.  
Thus, before the model outputs were compared with the actual outcome in 

Building 1, the measured input parameters previously used in the calibrated 
model of Building 2 were changed to the measured operating conditions in 
Building 1. No modifying was done in the basic model as it assumed 
standardized parameters for the majority of input parameters.  
The model comparison resulted in deviations of the magnitude of +17% 

for the basic model and less than -1% for the calibrated model in prediction 
of post-retrofit demand of total energy demand for space heating (electricity 
and DH demand). 
To evaluate the model predictions of ECM 2, the measured, supplied DH 

to the air handling unit (post-retrofit) in Building 1 was compared with the 
same in Building 2, pre-retrofit. This difference was measured to 26.8 
MWh/yr. Thus, this magnitude of energy savings is what was reasonable to 
expect due to installment of ECM2 in Building 2.   
The basic model predicted an energy saving of 40.5 MWh/yr, that is +51% 

more than the comparative value of 26.8 MWh/yr, whereas the calibrated 
model estimated 28.2 MWh/yr which corresponds to a much more moderate 
discrepancy of +5%. 
The observed agreement between the predicted post-retrofit energy 

demand with the calibrated model and the actual outcome in Building 1 
suggested that a calibrated model should be used in order to accurately 
predict the post-retrofit energy demand. However, in calculations of energy 
savings due to ECMs, which affects the buildings, transmission losses, the 
findings showed that the difference between a basic and calibrated model 
were small. Consequently, in such cases, the extra effort of calibration is 
difficult to justify.  
The above findings are in line with the findings in paper I where the size of 

the calculated reduction of the heat loss factor was in a fairly good agreement 
with the measured reduction. Whereas the absolute values of the heat loss 
factor differed significantly between predictions and actual outcome. These 
calculations were made by consultant engineers with an uncalibrated BES 
model (since no measured data of Building 1 existed at that time).  
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Thus, the main conclusions that can be drawn from paper VI (supported 
independent calculations from consultant engineers) is that, accurate 
predictions of energy savings can be obtained with standardized BES 
models. However, to accurately predict the post-retrofit energy demand, the 
starting point of the used BES model is crucial, i.e. in such situations the 
input parameters need to be thoroughly calibrated.  
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5. Concluding discussion 
 

The primary aim of this thesis was to develop a practical and systematic 
method to provide feedback from measured data to simulation models in 
order to improve predictions from BES models. To achieve this, linear 
regression models have been developed and evaluated. One part of the 
method development in this thesis was the extension of the regression 
approach previously introduced in [25] to the case of buildings with air heat 
recovery, more specifically the extension of Eq. 2 to Eq. 10. 
Equation 10 is to be preferred in the case of buildings with air heat 

recovery since in those cases, the air heater, (in the air handling unit), will 
only require heat at large Ti-To differences. Consequently, the linearization of 
the supplied space heat from the grid against Ti-To becomes somewhat 
erroneous at large values of Ti-To.  
However, if the analysis has a comparative focus and the buildings have 

similar air handling units, as was the case in paper II, the consequence of a 
somewhat distorted linear fits will be reduced (as it will be expected to have 
an similar impact on each such analysis). And if the heat recovery is efficient, 
Pairh will be very small compared to that of Prad, which further decreases the 
impact of the simplification. Nevertheless, for a stringent analysis in absolute 
terms Eq. 10 should be used in the case of buildings with air heat recovery 
and the used data should be from periods when the solar gain is small. 
Alternative, the data should be paired with respect to symmetry in S which 
was shown in paper V.  
In paper V the second developed regression method was presented, based 

on the paired-data approach complemented with synthetic data from IDA-
ICE 4.61. This approach (Model 4) was developed to counteract the 
hindering factors for the use of Eq. 10 in locations where the solar gain is 
substantial during the entire heating season.  
The key to making a usable model is the validation. For this, the regressed 

parameters from Eq. 10 have been compared with calculations in accordance 
with the ISO 13370 standard [46] and investigated with respect to year-to-
year variation, user friendliness and predictive power when used in IDA-ICE 
4.61 models. To evaluate Model 4, deviations of the regressed heat loss factor 
due to solar gain was analysed based on reference values of the same 
quantity. In all of these evaluations the largest uncertainty has been found to 
be in the intercept or G. These uncertainties originate both from statistical 
and physical. Statistical uncertainties, expressed as standard errors of the 
regressed coefficients will decrease with the increase of variance in the data 
and number of data points used in the regression [67].  
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The physical uncertainties are primarily due to assumptions of heat gain 
from the occupants and electricity usage, of which both have a direct impact 
on G which can be seen in Eq. 10.   
As mentioned in paper II, these uncertainties increase with the number of 

occupants and electricity usage, which, most likely, correlates well with the 
size of the building. In paper II, the majority of the regressed estimates of G 
were found to be negative. This is not physically reasonable since it would 
correspond to heat gained from the ground. Buildings A to E are all larger 
buildings compared to Building 1 and Building 2, thus the assumptions of 
heat gain due to occupants and electricity will have a larger impact on the 
regressed G for these buildings. In addition, the gained heat due to 
circulation of domestic hot water was not included in paper II, although 
most likely very small, if included it would have raised these estimates. 
Negative G values as a consequence of omitting constant heat sources in the 
power balance will however not be an issue when the focus is estimations of 
Ktot, AUt+QLρCp  and ηAe. If the regressed estimations of G are assessed to be 
on the boundary of the physical plausible range, an alternative is to use Ktot 
or AUt+QLρCp to extract the difference (G-Psol)regression. By using this 
difference in a BES calibration scheme, the adjustments can be done with 
both parameters (Psol.ida and Gida) in the simulation tool to coincide with (G-
Psol)regression. Consequently, more freedom exists to adjust G with this 
approach compared to direct transfer of G from regression to simulation and 
the error of extrapolation is also removed. 
Overall, the evaluations of Eq. 10 and Model 4 (Eq. 15) strongly indicated 

that they are suitable to be used in a calibration process of BES models. As 
mentioned in the discussion section in paper III, the development of a 
generic BES calibration procedure is a huge task. Calibrated simulations 
have been conducted since the seventies and still no clear consensus 
guidelines exist on how to perform a BES calibration [29]. The focus of this 
thesis was not to propose a general solution rather to propose a calibration 
procedure with a systematic prominent feature as opposed to the trial-and-
error process. To ensure this, the regressed parameters must be robust (i.e., 
don’t change significantly due to variation in operation, internal loads 
weather etc.,) and have very small bias. Thus, a lot of work in this thesis has 
been laid on ensuring that the regressed parameters will fulfil these 
requirements.  
Another aim of this thesis was to evaluate the suitability of using 

regression analysis for performance verification and evaluation of ECMs. 
The most straightforward way to measure energy savings is a simple 
comparison of pre and post-retrofit energy use. This method becomes 
however rough since it assumes that the difference in pre and post-retrofit 
energy use is solely caused by the retrofit. But energy use is also dependent 
on other factors, all of which may change significantly between the periods 
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used for comparison, such as operation schedules, internal loads and 
weather. If these changes are not accounted for, the savings determined by 
this method will be inaccurate. Regression models have been widely used in 
this application due to their robustness in these aspects. The findings here 
strengthen previous studies of their usability for this purpose. Studies of 
using regression analysis for explaining variations of EUIs are probable more 
seldom performed. The regression method used in paper II to extract 
building performance indicators was found to be useful to explain the 
difference in EUI indicators for the Buildings A to E. Mainly due to the fact 
that the impact from the occupants on the regression analysis was small. 
This suggests that air-to-air envelope normalized Ktot along with the 
associated standard errors could be beneficial to report as a performance 
index along with the annual EUI indicator for benchmarking purposes. 
The third and last aim of this thesis was to analyze if calibration of BES 

models improves simulation accuracy. Interestingly, the findings in paper VI 
agreed well with independent calculations made by consultant engineers in 
paper I. In both of these cases, the difference in transmission losses was 
predicted fairly accurately with uncalibrated models but poor predictions 
were obtained in absolute terms. To accurately predict the post-retrofit 
energy demand, the starting point of the used BES model was found to be 
crucial, which requires calibration.  
A natural follow up question in this context is: does it matter how the 

calibration of the BES model is done, in the quest to accurately predict 
savings due to ECMs?  In paper VI it was found that measurement on the air-
rate is necessary for good prediction of savings due to installation of air heat 
recovery. But the investigation did not go any further on this topic. To 
answer the question in more detail would require analysis of outputs from 
multiple calibrated simulations with different settings. But if a parallel is 
drawn to regression model’s ability to predict, it is well known that bias 
models can still give accurate predictions [58]. But if the model is to be used 
for interpretation of its parameters, then the bias in the model will most 
likely become a serious problem. The same reasoning should hold for BES 
models. To take a concrete example, if information is needed about the 
insulation thickness to reach a certain overall U-value in a retrofitting 
project. Then the initial overall U-value in the calculations (i.e., pre-retrofit) 
needs to be as accurate as possible. The presented regression methods (Eq. 
10 and Eq. 15) have been shown to aid in such situations i.e. through 
calibrated simulations. The developed regression models have shown 
promising features when tested on performance data from periods of low 
and substantial solar gain from two case studied multifamily buildings in the 
northern part of Sweden. Future work is needed to enable general 
conclusions of the presented regression methods. A discussion on further 
work is provided in the section below.      
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5.1 Future work 
 
An important drive for methods to increase in popularity is the ability to 
provide a satisfactory compromise between accuracy and user friendliness. It 
is in the author’s opinion that the presented regression methods are 
relatively straightforward and simple to use.  
The accuracy of the presented methods should however be further 

analyzed with data from a larger sample of buildings to enable quantification 
of general results. Multifamily buildings with variable air volume systems 
should be included in future evaluations. In that case, multiple spot or 
continuous measurements on Qs will be needed. A natural continuation of 
paper V would be to investigate the sensitivity of the calculations of G to 
temperature measurements at the snow-ground interface compared to the 
traditional use of To in these calculations. The sensitivity of the paired data 
approach could also be done with data from a mechanical ventilated 
multifamily buildings located in more moderate climates.  
 

5.2 Limitations 
 

In this thesis, six, multifamily buildings with CAV ventilation systems have 
been analysed. The supplied air flow, Qs has typically small variation during 
normal operation in CAV systems. The infiltration air flow, QL on the other 
hand is dependent on both the wind speed and Ti-To [58] and has been 
assumed constant in the static models in this thesis.  
For naturally ventilated buildings, QL represents the entire air exchange. 

Consequently, for such buildings the error increases with assuming a 
constant QL compared to the CAV case. This error will most likely produce a 
severe bias in the regressed parameters if the ventilation losses are not 
modelled separately in the power balance as was done for instance in [58]. 
Thus, the presented regression methods are not suitable for such buildings. 
Similarly, the use of Eq. 10 and Eq. 15 to model low energy buildings is 

problematic due to the typical large proportion of weather independent to 
weather dependent energy use.   
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6. Conclusions 
 
Regression methods have been developed to be used for performance 
verification and to provide feedback to BES models to improve predictions. 
With the current validation status, these derived methods can primarily be 
used on data from periods when the solar radiation is small.  
A regression approach to handle the bias from solar radiation has been 

proposed which shows promising results and needs to be further validated 
when more data is available. 
The question if the calibration of BES models improves simulation 

accuracy has been briefly analyzed. These results strongly indicate that for 
interpretation of model parameters and for accurate prediction of air heat 
recovery and post-retrofit demand, calibration is crucial. 
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