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Abstract: Literature and experience show that there are large discrepancies between the calculated
and measured building energy usages, where user-related parameters are significant factors with
regard to energy use in low-energy buildings. Furthermore, the difficulties encountered when
quantifying these parameters compound these discrepancies. The main aim of this study was to
provide feedback that would help the building industry and research communities to predict more
accurately the impact of the user-related parameters on energy performance. The results of the
study would, subsequently, contribute to minimizing the discrepancies between calculated and
measured energy use. This article analyses simulated building energy use based on randomly chosen
combinations of measured user-related parameters in three recently built low-energy schools in
Sweden. The results show that energy performance can span from 30 to 160 kWh/(m2 y) simply
by varying the combination of previously measured user-related parameters in building energy
simulations. The study shows that the set points for indoor air temperatures during the heating season
and the energy required to run a demand-controlled ventilation system have an extensive influence,
while tenant electricity use has a slightly lower influence on building energy use. Variations in
occupancy rates and energy for hot water usage have the smallest influences on building energy use.

Keywords: low-energy schools; user-related parameters; calculated energy use

1. Introduction

Globally, the building sector accounts for 36 percent of final energy use, and improving building
energy efficiency is one of the key strategies for reducing climate change [1]. To address this strategy, most
new buildings must be designed as low-energy buildings, for example, nearly-zero energy buildings
(nZEB), according to EU directive 2010/31/EU [2]. Previous studies have shown large discrepancies
between calculated energy performance in the design phase and measured energy performance in the
operational phase of a building. Many researchers have identified that the discrepancies are mainly
due to the behaviour of the occupants and their relationships to the building [3]. In 2016 alone, about
200 publications dealing with occupants and their influence on building energy use were published [4].
The stochastic nature of human behaviour is not well understood and often simplified in building
energy simulation tools [5]. Technology alone does not guarantee low-energy use in buildings, as
shown by D’Oca et al. in their review article [5]. Zou et al. [6] suggested the use of both qualitative
and quantitative data and methods to deal with this field of research. Other parameters that can
influence the discrepancies include predictions and calculations made during the design phase, good
operational practice and maintenance and the achieved indoor environmental climate and quality
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during the operational phase [7]. All of these parameters need to be improved in order to minimise the
discrepancies. Doing this will enable optimised choices of technologies to increase energy efficiency,
for example, with regard to building envelope materials and energy storage capabilities in terms of
cost and energy performance.

In the coming 10 years, counting from 2018 [8], about 700 schools will need to be built in
Sweden due to population growth and continued urbanization [9]. Before a building can be erected,
a construction permit (planning permission) must be granted. The permit requires, among other
things, a building energy use calculation that complies with the Swedish national building codes and
recommendations issued by Boverket (The Swedish National Board of Housing, Building and Planning),
which stipulate low-energy building performance. On completion of the building, the building owner
is required to verify the calculated building energy use. The verification process can be carried out by
measuring energy usage during the first two years of operation or by revising the energy calculation
based on as-built documents. The building industry needs, therefore, more knowledge and references
regarding how user behaviour is related to energy performance in recently built low-energy school
buildings to be able to predict and, thereafter, to verify building energy performance.

As schools are becoming increasingly more energy efficient and are approaching nZEB criteria,
building energy performance (EP) has improved since the first Swedish national building energy
requirements were introduced in 2006. The progress made in improving building energy performance
and developing energy efficiency technologies has made earlier references obsolete. A number of
studies have investigated the impact of the occupants on the energy usage in buildings. Their impacts
have become significant and need to be determined in order to reduce discrepancies between predicted
and measured energy usage in low-energy school buildings [10–13]. User-related parameters have,
therefore, become more and more important when determining a building’s EP. The identified
challenges include the collection of high quality data for understanding behaviour patterns and
modelling and quantifying the impact of energy related occupant behaviour on the EP [14], as well as
a greater understanding of the human dimension of energy use [5]. Hong et al. [14] and Bedir [15]
highlighted the lack of standardised user-related data as a challenge associated with data collection.
The International Energy Agency (IEA) Energy in Buildings and Community (EBC) Programme Annex
66 has established a scientific methodological framework for occupant behaviour research. One of its
targets is the integration of technological and human aspects in more comprehensive ways in building
energy simulation tools [16].

Despite user-related parameters being identified as important factors influencing building energy
usage, there are very few publications that deal with quantifying user-related parameters effect in
low-energy schools [10,11,17–19]. The building industry and research communities need more data on
user-related parameters and their influence on energy use in low-energy buildings. It is quite possible
that variations between predicted and measured user-related parameters could even have the potential
to increase both building construction costs and operational costs. For example, by overestimating
energy use for domestic hot water supply (EDHW) in the design phase, more thermal insulation is
needed for a building to comply with the national building energy requirements and this can increase
capital investment costs. A standardised user-related input data list, on the other hand, could help
designers make more accurate predictions and minimise the discrepancies between calculated and
measured EP during the early design stages. In a later phase, when more input data and knowledge
about the building and user profiles is known, the engineers should update the predictions based
on the updated project information. The predictions regarding user-related parameters need to be
communicated and discussed with relevant key actors in a building construction project in order to
make predictions as accurate as possible. However, such a list can easily become outdated due to the
implementation of new energy-efficient technologies and, therefore, become inaccurate when applied
to modern low-energy buildings. To avoid these effects, standardised user-related input data must
be periodically verified by field measurements in newer buildings with the latest energy-efficient
technologies and appliances installed. The Swedish National Board of Housing, Building and Planning
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(Boverket) issued a document titled BEN2 [20], in which user-related input data for building energy
use calculations were specified for buildings in normal usage.

In order to reduce the spreads between measured user-related energies in buildings with normal
usage and to minimise the discrepancies between calculated and measured values, it was important
to identify which of the parameters had the largest influence and thereby be able to address them.
This article investigates, therefore, how measured user-related parameters could have influenced the
calculated EPs in three of the seven previously studied low-energy schools. The studied parameters
were: indoor air temperature (during the heating season), occupancy rate, EDHW, energy use for tenant
electricity (ETE), ventilation rates and ventilation running times. These parameters were the same as
those presented and defined as user-related by the Swedish National Board of Housing, Building and
Planning in the BEN2 document [20]. These parameters were also identified by Hong et al. [14] as
the ones that could provide the data needed to complement basic occupant behaviour. The article
also investigates which of the studied parameters had the most extensive influence on the calculated
energy use. The aim of this paper is to increase awareness within the building industry and research
communities about the possible variations in calculated building energy usage. This is done by only
varying the user-related parameters and by providing feedback showing which of the parameters
that have the largest influence. They will then be able to prioritise the most important user-related
parameters and increase their knowledge about their magnitudes with respect to low-energy school
buildings, which will subsequently minimise the discrepancies between measured and calculated
energy use.

2. Methods

The research approach was to perform building energy simulations based on real data from several
measured user-related parameters in seven newly built low-energy schools in Sweden using IDA ICE
dynamic building energy simulation software. This section consists of four parts of which the first
one presents generic building information and the second describes the building energy use equation.
The last two parts present the measured user-related parameters that were used as input data for the
building energy simulations and describe how the input data was defined in the simulation models.

2.1. Description of the Studied Schools

The schools were located in the southern part of Sweden, at latitudes from approximately 55◦ N
to 60◦ N. Table 1 shows generic building information for the studied schools. In this paper, the schools
are represented by their code letters.

Table 1. Generic building information for the studied schools.

Building Information
School

S N B

In operation since 2016 2017 2014
National energy use requirement

kWh/(m2Atemp y) 55 91 75

Normal year HDH [(◦C h)/y] 102,600 92,800 111,500
Atemp (m2) 5641 8125 8051
Grade years 0–6 7–9 0–6
Sports halls Yes No Yes

Kitchen/dining facilities Yes Yes Yes
Calculated Um [W/(m2K)] 0.23 0.18 0.2
Roof U-value [W/(m2K)] 0.11 0.07 0.11

Walls above ground U-value [W/(m2K)] 0.17 0.13 0.11
Basement floor U-value [W/(m2K)] 0.11 0.12 0.10
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Table 1. Cont.

Building Information
School

S N B

Envelope area to volume ratio (m2/m3) 0.39 0.45 0.40
Window to façade area ratio (m2/m2) 0.18 0.33 0.23
Design air infiltration rate l/(s m2 of

envelope area)
0.3 at + 50 Pa 0.36 at + 50 Pa 0.4 at + 50 Pa

Space heating GSHP DH GSHP

Ventilation system Balanced mechanical ventilation with demand control, with
centralised air handling units (AHU) and rotary heat recovery.

Theoretical efficiency of heat recovery
system (%) 80 82–85 80–83

SFP—theoretical value at design
ventilation rate [kW/(m3/s)] 1.8

From 1.6 to 2.0;
different AHUs

had different
SFPs.

From 1.7 to 2.0;
different AHUs had

different SFPs.

Active comfort cooling No

DHW source GSHP/direct
electricity DH GSHP/direct

electricity
Calculated energy use verified by

measurements Yes Yes Yes

Specific fan power (SFP) is defined in the Swedish national building codes and regulations,
which means that this parameter was calculated in the same way in all the studied schools.

National energy requirements are, on the other hand, different in each of the schools, for example,
due to allowances made for geographical location (compensated for colder climate), for electrically
or non-electrically space heated buildings and for the volumes of fresh air supplied. The schools
were analysed in three previous publications and the investigations included: field measurements
of energy usage and user-related parameters [15], load profiles of predicted energy and user-related
parameters [21] and measured indoor climate and air quality [22]. In these publications, generic
building information for all seven schools is presented. The schools studied in this article are designated
S, N and B, as in the previous publications. In Figure 1, three dimensional (3D) views of each of
the studied schools are shown as modelled by the IDA ICE software (4.7.1, Equa Simulation AB,
Solna, Sweden).
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ICE model.

2.2. Calculated Energy Performance

The system boundaries for the building energy use calculations were drawn around the buildings.
The calculated energy balance in Equation (1) is based on purchased energy supplied from outside
the system boundaries. The annual building energy use (EP) in the schools was calculated by using
Equation (1), which was defined by the Swedish national building codes and regulations prior to the
introduction of primary energy requirements.

EP = (E SH+Ecool+EDHW+EBP)/Atemp (1)

where [EP]
(

kWh
m2year

)
; [E SH; Ecool; EDHW; EBP ]

(
kWh
year

)
; [A temp ](m 2).

ESH includes energy for space heating. Energy use for building property electricity (EBP) includes
use of the electricity to run fans, pumps, elevators, building automation systems (BAS), lighting in
building services areas and defrosting. The ventilation system was the largest contributor to the
EBP; all other end users were smaller in the schools with mechanically-balanced demand controlled
ventilation systems. ETE includes use of the electricity for lighting and electrical appliances in school
areas occupied by pupils and teachers. Electricity to run kitchen appliances is not included in ETE or
EBP, as it is assumed to be part of the process energy. ETE is not included in the EP, although it does
contribute free heat to the space heating. The cooling energy (Ecool) is not taken into account in this
paper as cooling was not used in the studied schools.

2.3. Measured Energy Performance

The measured values of energy performance and user-related parameters used in this paper are
presented in Table 2. The records and results of the measurements have been previously presented by
Simanic et al. [11].

Table 2. Measured user-related parameters in seven low-energy schools. Average, median, standard
deviation, minimum and maximum values were calculated from the measured values. The indoor air
temperatures were averages measured during the heating season. EDHW is given in terms of thermal
energy. The area m2 in the table refers to floor area heated to 10 ◦C or above (Atemp).

Schools Indoor Air
Temperature (◦C)

Occupancy Rate
(person/m2) EDHW kWh/(m2 y) ETE kWh/(m2 y) EBP kWh/(m2 y)

S 20.2 0.052 4.3 22.3 17.6
N 21.7 0.054 3.1 19.0 11.4
K 20.5 0.05 3.1 31.9 13.9
B 21.5 0.062 2.4 24.2 8.8
Vi 21.5 0.132 1.7 13.3 6.1
Ve 21.3 0.067 6.7 48.2 20.1
St 23.4 0.067 6.4 25.5 10.1

Average 21.4 0.069 4.0 23.4 12.6
Median 21.5 0.062 3.1 24.2 11.4

Standard deviation 1.0 0.029 1.9 11.2 5.0
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Table 2. Cont.

Schools Indoor Air
Temperature (◦C)

Occupancy Rate
(person/m2) EDHW kWh/(m2 y) ETE kWh/(m2 y) EBP kWh/(m2 y)

Minimum 20.2 0.05 1.7 13.3 6.1
Maximum 23.4 0.132 6.7 48.2 20.1

2.4. Simulated Building Energy Use

Three of the seven investigated low-energy schools were simulated in the IDA ICE building
simulation program [23] for this paper. IDA ICE is a validated dynamic building simulation program
in accordance with EN-15255-2007 [24] and ASHRAE-2004 [25]. The energy models were inherited
from Schools N, B and S, which were designated “original models”. These models were created and
used by energy engineers during the schools’ design phases to calculate the EPs. The models were
designed by different energy engineers, independently of each other, as the schools were also built
independently of each other. Models of the remaining four schools were not available. Models of
Schools N, B and S were simulated and studied in this paper. The number of studied models was
assumed not to be critical in this study. The studied schools were architecturally different and located
in climates with different levels of heating degree hours (HDH).

Twenty-five randomly chosen sets of combinations of user-related parameter values, based on
measured data shown in Table 2, were used as input data for the three schools simulated using IDA
ICE models. The program Microsoft Excel was used to randomly choose, with an even probability,
the combinations for each of the user-related parameter values. In addition to the 25 randomly chosen
combinations of input data, sets of input data corresponding to the least and the most favourable
combinations for low-energy usage were also used. In total, 27 simulations were carried out per school;
see Table 3. The number of random simulations was limited to 25 due to time limitations. It was
assumed that about 25 simulations would be sufficient to create a linear distribution of calculated EPs
and this was shown to be a valid assumption.

Table 3. The 25 sets of combinations of user-related input data, and the least and most favourable
combinations for low-energy usage.

Simulation Indoor Air Temperature
(◦C)

Occupancy Rate
(person/m2)

EDHW
kWh/(m2 y)

ETE
kWh/(m2 y)

EBP
kWh/(m2 y)

1 21.7 0.067 3.1 31.9 20.1
2 20.2 0.067 3.1 19.0 8.8
3 21.7 0.062 1.7 25.5 11.4
4 21.3 0.054 3.1 13.3 17.6
5 20.5 0.054 6.4 31.9 17.6
6 21.5 0.067 1.7 13.3 6.1
7 21.5 0.054 6.7 48.2 11.4
8 23.4 0.067 2.4 13.3 13.9
9 23.4 0.062 1.7 13.3 10.1

10 21.3 0.132 1.7 13.3 8.8
11 21.3 0.054 1.7 25.5 6.1
12 21.7 0.05 1.7 31.9 6.1
13 21.5 0.054 4.3 13.3 17.6
14 21.7 0.067 3.1 25.5 17.6
15 20.5 0.054 6.4 22.3 11.4
16 23.4 0.052 2.4 25.5 6.1
17 23.4 0.062 3.1 25.5 10.1
18 21.3 0.067 3.1 24.2 11.4
19 23.4 0.067 6.4 24.2 20.1
20 20.5 0.05 3.1 31.9 8.8
21 21.7 0.132 6.7 31.9 13.9
22 21.5 0.067 6.4 13.3 17.6
23 20.5 0.05 2.4 13.3 17.6
24 23.4 0.054 3.1 31.9 20.1
25 23.4 0.054 6.7 13.3 20.1

Least favourable 23.4 0.05 6.7 13.3 20.1
Most favourable 20.2 0.132 1.7 48.2 6.1
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The calculated EP results were arranged individually for each school, from the lowest to highest
values, enabling the distribution of all 25 simulated EP values and the span between the lowest and the
highest values to be clearly seen. The same sets of combinations, presented in Table 3, of user-related
input data were used in all three school models. All other input data in the building simulation models
remained unchanged. The parameters were: indoor air temperature, occupancy rate, ETE and EDHW,
and these provided the input values for the simulation models. Descriptions of how the studied
parameters were defined in the simulation models are shown in Table 4. The simulation models
consisted of 94 zones for School S, 96 zones for School N and 80 zones for School B.

Table 4. How the input parameters from Table 3 were defined in the IDA ICE simulation models.

Input Parameter Defined in the IDA ICE Simulation Models

Indoor air temperature As a set point for space heating for each of the simulation zones.

Occupancy rate As an input value for each of the simulation zones. The occupants’ presence
schedules were kept as in the original models.

EDHW
Not simulated in the simulation models. EDHW was added to the EP
according to Equation (1).

ETE

Lighting and equipment loads (W/m2) were set in each of the zones to values
so that the output corresponded to the input parameter ETE. The lighting
and equipment use schedules were kept as in the original models.

EBP

The VRs for each zone were multiplied by a factor, the ratio of the measured
energy to the simulated energy to run the ventilation. The schedules for
ventilation rates in centralised air handling units were kept as in the original
models. The VRs for the zones were defined as constant air volumes.

The EBP was an output value from the simulations, in which the ventilation rates (VRs), ventilation
running times and specific fan powers (SFP) were the main contributors to the EBP. The remaining
contributions came from the energy used to run pumps, the control system and other auxiliary
equipment. In order to align the simulated EBP with the measured EBP, the VRs in the simulation
models were adjusted. As a first step, the EBP was divided into two parts, one generated by the
ventilation fans and the other by the rest of the equipment. The VRs used in the simulation models
were then multiplied by an adjustment factor, the ratio of the measured energy to the simulated energy
to run the ventilation. Adjusting the VRs in the simulation models in this way was considered a more
appropriate step to take than adjusting both the VRs and ventilation running times. In some of the
simulations, the VRs were set to values that were higher than those attainable in a specific school’s
ventilation system. These simulations were conducted to see how the magnitude of the EBP influenced
the calculated EP. EBP values were measured in the real schools [11] and it can, therefore, be assumed
that they could also be achieved in the simulated schools.

In two of the three simulated schools, GSHPs were used to produce space heating and part of the
domestic hot water (DHW) requirement. In order to compare all three schools, the supplied energy
for space heating and DHW production, expressed in terms of thermal energy, was used. Normally,
the amounts of supplied electricity for space heating and DHW production would have been used,
in accordance with the Swedish national energy requirements, see Equation (1).

A further test was carried out to identify the influence of each of the user-related parameters on
the calculated EP. The test started with one of the parameters being set to its measured minimum
value and thereafter to its maximum value, and the other user-related parameters were set to their
measured average values. The average values are presented in Table 2. For each of the parameters,
two simulations were carried out, and in total, there were 10 simulations. However, when the occupancy
rates were set to their minimum and then their maximum values, the VRs were kept constant, at their
average values. This could have caused unsatisfactory air quality at maximum occupancy. However,
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this test was conducted even though it would have had this result. Some of the measured features of
the ventilations systems in the studied schools are shown in Table 5.

Table 5. Measured average VRs for whole days and nights, average VRs between 08–16 on workdays
and yearly ventilation operational times. The area m2 in the table refers to Atemp. The measurements of
VRs and ventilation operational times were described in previous publications by Simanic et al. [11,22].
SFP values were defined during the design phase. Reproduced from [11,22], Journal of Building
Engineering: 2019.

School S N B

Measured average VR [l/(s m2)] 0.69 1.18 0.32

Measured average VR between 08–16 on workdays only [l/(s m2)] 1.3 1.6 0.78

Measured yearly operational time for ventilation units (hours/y) 7358 7280 5343

3. Results

The calculated EPs attained by using 25 randomly chosen sets of user-related input data are
presented in Figure 2 for all three schools. The maximum and minimum possible calculated EPs are
also presented.
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Figure 2. EP results from 25 simulations for Schools S, N and B. The simulations were varied by using
randomly chosen combinations of user-related input data, based on the data presented in Table 3.
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calculating ESH and EDHW. The area m2 in the figures refers to Atemp.

Figure 2 shows that all three schools had large differences between the lowest and highest
simulated EPs. Similar distributions of the calculated EPs were seen in all three studied schools. There
was an almost linear distribution of the calculated EP values for all 25 simulations in all three schools.
The results were equally distributed from the lowest to highest EP values. The results came very close
to the maximum possible EP in all three schools and only slightly higher than the minimum possible
EPs. The calculated EPs varied from the lowest values around 30 to 40 kWh/(m2 y) to the highest
values just under 140 kWh/(m2 y) in School N, 150 kWh/(m2 y) in School B and 160 kWh/(m2 y) in
School S. The differences were about 110 kWh/(m2 y) in all of the schools. By excluding the extreme
values on the EP distribution lines in Figure 2, i.e., by only taking into consideration the EP values
between 10 and 90 percent, there were still large differences. In School S, the range was from about 38
to 110 kWh/(m2 y), in School N from about 32 to 100 kWh/(m2 y) and in School B from about 43 to
115 kWh/(m2 y). In other words, the highest calculated EPs were around three times as large as the
lowest calculated EPs. Table 6 shows the calculated median, average and standard deviation values for
the simulated EPs.

Table 6. Results of 25 simulations. ESH and EDHW presents by thermal energy. The area m2 in the table
refers to Atemp.

School S
kWh/(m2 y)

N
kWh/(m2 y)

B
kWh/(m2 y)

EP median 69 62 75
EP average 77 66 81

Standard deviation 34 29 29

The average EP values for the studied schools were quite different. This was because there were
a great number of parameters that could influence the calculated EP. In addition to the user-related
parameters, there are those which are connected to the properties of the school buildings, and these
were shown to be similar in the studied schools, see Table 1. By setting the average measured values of
the user-related parameters, shown in Table 2, as input data for the energy simulations, the calculated
EPs were: 70 kWh/(m2 y) for School S, 55 kWh/(m2 y) for School N and 72 kWh/(m2 y) for School B.
These EP values were closer to the median values shown in Table 6 than to the average values, which
is probably due to the exclusion of the extreme values at both ends of the EP distribution lines.



Energies 2020, 13, 2985 10 of 14

Figure 3 shows the simulation results when each of the user-related parameters was first set
at its minimum and then at its maximum value. The other parameters were set to their average
measured values.
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The results show that the set points for indoor air temperatures and the EBP values generate
the greatest variations in calculated EPs. The occupancy rates and EDHW values generate the least
variations in calculated EPs. The ETE values also have a strong influence on the EPs. Similar variation
effects were seen in all three schools.

4. Discussion

The calculated EP results, based on 25 simulations with randomly chosen combinations of
measured user-related parameter values as input data for the simulation models in three low-energy
schools, showed almost linear distribution lines. The results showed large differences between the
lowest and highest calculated EPs. The lowest calculated EP values were about 30 kWh/(m2 y) and
the highest from 140 to 160 kWh/(m2 y), depending on the school, i.e., a four- to fivefold difference.
By only taking into account the calculated EP values between the 10 and 90 percent values on the EP
distribution line, there was a threefold difference in magnitudes between the lowest and highest EPs.
The EP distributions were only based on variations of five user-related parameters measured in the
seven schools studied during their operational phases [11]. This indicated that similar distributions
would be likely to occur in other real school applications and, therefore, it would be reasonable to
predict them during the building design phase, when the calculations of EPs are required. Large
distributions of calculated EPs create problems for the energy engineers, who assume generalised
values of user-related parameters in their building energy calculations. Large variations in a number
of user-related parameters were observed in 15 UK schools by Demanuele et al. [17] and in 10 Swedish
low-energy schools by Simanic et al. [21]. Being aware of how a calculated EP can vary, depending on
the choice of user-related parameters, there is a real challenge when predicting the magnitudes of these
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parameters so that they will match the measured parameters during operation. The building industry
also needs to be aware of variations like these when predicting, for example, indoor air temperatures.
They must also be aware of how these predictions can affect the required building energy performance.

Some of the 25 randomly chosen combinations of the user-related input data may appear somewhat
unreasonable. For example, a low occupancy rate should lead to low EBP, ETE and EDHW. However,
Simanic et al. [11], in an earlier study of the same schools, showed that there was no correlation between
EBP, ETE and EDHW and the occupancy rate. All of the randomly chosen combinations are, however,
likely to occur in real applications, and are therefore relevant to the study.

In a simulation test to investigate which of the user-related parameters had the most extensive
influence on the calculated EP, it was shown that the variation of set points for indoor air temperature
during the heating season and the variation of EBP had the most extensive influence on the magnitude
on the calculated EP. The minimum measured mean indoor air temperature during the heating season,
20.2 ◦C, generated an EP of about 50 to 60 kWh/(m2 y), while the measured maximum of 23.4 ◦C
generated an EP of about 80 to 90 kWh/(m2 y) in all three schools. The EBP generated the lowest EP
of about 35 to 50 kWh/(m2 y) and the highest EP of about 85 to 110 kWh/(m2 y). The occupancy rate
and EDHW had the lowest impacts on the variations of the calculated EP. The minimum occupancy
rate of 0.05 person/m2 generated a calculated EP of 72 kWh/(m2 y) and a maximum occupancy of
0.132 person/m2 generated an EP of 70 kWh/(m2 y). Demanuele et al. showed low impacts due
to occupancy rates and very high impacts due to office equipment use on a building’s EP [17].
The occupancy rates in the studied schools were not measured in real time but were based on the
number of enrolled pupils and full-time teachers, which may have influenced the conclusions regarding
the impact of the occupancy rates on the EPs. The ETE was shown to have a strong influence on the
EP but not to the same extent as the set point for indoor air temperature and the EBP. Results from
this paper show that the ventilation rates and the operational times of the ventilation systems were
two parameters with an extensive influence on the EBP. These two parameters should, therefore,
be carefully predicted during the design phase and aligned with the measured values during the
operational phase in order to minimise the discrepancies between the predicted and measured EP.
Predictions regarding occupancy rates and EDHW for low-energy schools are not critical, although
they still need to be predicted as accurately as possible. ETE, on the other hand, tends to be a strong
user-related parameter. This means that information about the influence of user-related parameters on
a building’s EP is very important for energy engineers when calculating the EP in the design phase. It is
equally important for building owners and operators during the operating phase, if the discrepancies
between the calculated and measured EP of a building are to be minimised.

Discrepancies between the calculated and measured EP of a building have been shown to occur in
many real cases and these have been discussed in numerous publications. In the case of new low-carbon
emission schools in the UK, the discrepancies were from around −31 to +45 percent [10] and +57 to
+66 percent [13]. In the case of seven newly built low-energy schools in Sweden the corresponding
figures were −44 to +28 percent [11]. User’s behaviour patterns and their relationships to a building
are key factors when determining building energy usage in low-energy buildings. Standardised
data has been identified as one of the biggest challenges regarding data collection for user-related
parameters [14]. Subsequently, there is a need for a standardised list of user-related input data for
normal and whole-year usage. This will help energy engineers when building their energy simulation
models at an early design phase. However, energy engineers still need to carry out qualitative and
quantitative analyses of this input data in order to improve the predictions that are dependent on
the user-related parameters. By improving the predictions, the building industry will be able to
minimise the discrepancies between calculated and measured energy use, which will subsequently
enable optimised choices of technologies to increase energy efficiency.
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Limitations

The user-related input data was based on measurements from seven newly built low-energy
schools although only three models of these schools were used in this study. It would have been
preferable if more schools had been used as a basis for the measurements as well as for this article.
However, similar trends were shown in all three schools simulated in this paper, even though they
were different architecturally and different energy engineers had created the simulation models.
It would, therefore, be reasonable to assume that the results could also be repeated in other building
simulation models.

A common feature in the studied schools was that they were all mechanically ventilated with
balanced ventilation and demand control. This study has not included schools with natural ventilation
or hybrid ventilation systems.

Solar shading and airing are another two user-related parameters that contribute to the building
energy use, but these were not investigated in this paper, as measuring equipment for these two
parameters had not been installed in the studied schools. Englund et al. [26] proposed a method for
modelling the airing of school classrooms that could be used in future research.

5. Conclusions

By varying the measured values of the user-related parameters and using these as input data for
the building energy simulation models, the calculated building energy usage varied from around 30 to
as high as 140 or even 160 kWh/(m2 y) in all three newly built low-energy schools in Sweden.

The setpoints for indoor air temperatures during the heating season and use of electricity to run
the demand control ventilation were shown to have the strongest influence on the calculated building
energy use among the studied user-related parameters. These are, therefore, important parameters to
pay attention to, both during the design and operational phases.

Varied occupancy rates and the energy usage for domestic hot water in low-energy schools had
the least influence on their energy performance levels. However, energy engineers still need to predict
the magnitudes of these two parameters as accurately as possible.

The electricity used to run the occupant’s appliances and lighting, in areas occupied by pupils and
teachers, did contribute to the space heating, indicating that this was a strong user-related parameter
influencing building energy usage.

This study aims to increase awareness in the building industry about the possible variations in
calculated building energy usage when only the user-related parameters are varied.
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Nomenclature

Atemp Refers to floor area (m2) of rooms/spaces heated to 10 ◦C or above
AHU Air handling unit

BEN
Swedish national building codes and recommendations for determining building energy
usage during normal operation in a normal year

DH District heating
DHW Domestic hot water
EBP Energy usage for building property electricity
Ecool Energy usage for comfort cooling
EDHW Energy usage for domestic hot water
ESH Energy usage for space heating
ETE Energy usage for tenant electricity
EP Building energy performance
GSHP Ground source heat pump
HDH Heating degree hours [(◦C h)/year]
m2 Refers to floor area of rooms/spaces heated to 10◦C or above
nZEB Nearly zero-energy buildings
SFP Specific fan power [kW/(m3/s)]
Um Overall thermal transmittance of a building [W/(m2K)]
VR Ventilation rate
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