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Abstract 

We present an optimization-based methodology for 
energy simulation models calibration with hourly 
monitoring data applied to residential buildings. Goal is 
obtaining reliable model parameters suitable to estimate 
energy demand savings after the building retrofit. Since 
there exists more than one parameter combination 
matching the actual energy consumption, uncertainty is 
studied by choosing a number of calibrated models. We 
apply regularization to account for source reliability of the 
model parameters by penalizing those parameters with 
low probability. Calibration criteria with respect to indoor 
air temperature and cumulative energy demand is added 
in addition to the standard ones for cross-checking the 
reliability of obtained models.  Occupant interaction with 
HVAC system is analysed based on monitoring data and 
interviews to generate stochastic yearly profiles and 
simulation input files for calibration. Method is illustrated 
on a case study multi-family residential building, located 
in Madrid, Spain. 

Introduction 
In recent years, the interest for residential buildings 
renovation increased, due to European incentives for 
refurbishment of the housing stock, aiming to improve 
energy performance of buildings, thus reducing CO2 
emissions (Artola et al., 2016). To decide which energy 
conservation measures (ECM) and HVAC technologies 
should be adopted in building retrofit, the energy saving 
potential of different scenarios needs to be evaluated. 
Using simulations to estimate ECM energy savings in 
residential buildings faces two main challenges. Firstly, 
simulation predictions often differ from their actual 
consumption (Newsham et al., 2009). Calibration 
efficiently reduces these errors (Turner et al., 2008); 
however, its solution is not unique. Secondly, the impact 
of non-technical factors such as behavioural is much 
larger compared to commercial or public buildings. 
Occupants influence infiltration, ventilation, shading and 
HVAC plants significantly, since in residential buildings 
occupants are more empowered to act on these elements, 
and their operation is not scheduled or monitored. Hence, 
a clear methodology for modelling and calibrating 
behaviour and creating realistic annual behavioural 
patterns is necessary.  

Building energy model calibration 

Reddy et al. (2007a) are among first to introduce a 
systematic calibration procedure for complex energy 
simulation models of commercial buildings. Recently, a 
lot of effort has been invested to standardize calibration 
methodology (Coakley et al., 2014). While there exists 
standard calibration criteria (ASHRAE, 2002), it refers to 
energy demand only and is not restrictive enough. A large 
issue in energy model calibration is that it is an under-
determined problem. Raftery et al. (2011) stress the 
importance of using hourly data to narrow the solution 
space. However, even with hourly sampling step, 
Caucheteux et al. (2013) demonstrate on an old mansion 
case study that parameters for which the model matches 
monitoring data can still have large variance. Many case 
studies focus closely on calibration of complex building 
HVAC systems (Pan et al., 2007; Liu and Liu, 2011).  

Residential sector and Bayesian calibration 

Most contributions concerning calibration of energy 
models in the residential sector deal with modelling of 
building stocks (or clusters) rather than single buildings 
(Booth et al., 2012; Hsu, 2015; Kristensen et al., 2017; 
Sokol et al., 2017). Kristensen et al. (2017) show that 
single building predictions have much higher uncertainty 
in average compared to aggregated prediction using such 
modelling approach. In comparison, case studies of single 
residential buildings are still scarce. Hsu (2015) applies 
hierarchical group-lasso regularization for model 
calibration, concentrating on reducing the number of 
variables for statistical models for energy consumption 
for large clusters of homogeneous buildings, but without 
incorporating a-priori parameter distributions. Booth et al. 
(2012), Kristensen et al. (2017), and Sokol et al. (2017) 
apply Bayesian calibration to statistical regression models 
to obtain a-posteriori parameter distributions. Although 
Bayesian calibration is a well-established and widely used 
calibration method, there exists situations when using 
deterministic calibration might be more appropriate. 
When we estimate energy savings after the retrofit, 
performing simulations for a large set of parameter 
combinations is computationally unacceptable when 
retrofit solutions include complex HVAC solutions and 
detailed engineering-based models. If the case study 
needs to be extended by performing optimization over all 
possible HVAC solutions to find the best balance between 
savings and long or short term investment (which is often 
the case), then it is beneficial to have deterministic values 
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for parameters over their distributions. Moreover, we 
often want to study comfort conditions before and after 
the retrofit as well. Most of Bayesian calibration 
approaches do not consider calibration with respect to 
temperature, and in most cases they consider simplified or 
quasi-stationary models with daily simulation step. This 
does not allow us to study indoor air temperature. 

Calibration procedure 

Most calibration approaches follow steps described by 
Reddy et al. (2007a), shown in Figure 1. First phase 
includes initial simulation model preparation and 
parameter space definition. Second phase explores the 
solution space and identifies parameter vectors, which 
match measured data and satisfy calibration criteria. 
Optionally, model is validated on a new set of measured 
data. To evaluate uncertainty, Reddy et al. (2007a) advise 
to choose a solution set consisting of different parameter 
vectors for which model satisfies calibration (and possibly 
validation) criteria. It is not clear which technique is the 
best for identification of final parameter vector(s), as 
various methods have been reported. In earlier 
approaches, parameters were tuned manually, based on 
expertise of the modeller. This process was later 
automatized, mostly using statistical sampling of the 
parameter space (e.g. Monte-Carlo), to evaluate different 
parameter combinations. Sampling is done on a coarse 
grid of the parameter space with large sampling step to 
restrict the number of simulations. Starting from coarse 
grid results, sampling steps can be further refined using 
guided search (e.g. optimization algorithm), where new 
points are iteratively chosen based on performance of the 
previous ones. In fact, Reddy et al. (2007b) demonstrate 
that refined search can improve goodness-of-fit and 
reduce the energy savings estimate error. 

 

 
 

Figure 1: Typical energy model calibration procedure 
 

Optimization-based parameter search 

A guided search of the parameter space can be performed 
by solving an optimization problem to minimize the error 
between measured and simulated model outputs. 
Although some optimization-based methods exist, there 
are still no guidelines on optimization problem definition. 
Typically, cost function is defined as simulation error of 
only one model output. For example, Roberti et al. (2015) 
minimize root mean square error (RMSE) of hourly 
temperature, and Tahmasebi et al. (2012) define the cost 
function as sum of RMSE for indoor air temperature and 
its coefficient of variance (CVRMSE).  
Assume that the model has 𝑑 parameters 𝑝 = (𝑝ଵ, … , 𝑝ௗ) 
and 𝑃  denotes the parameter space 𝑃 =
 ∏ [𝑝௜,௠௜௡ , 𝑝௜,௠௔௫]ௗ

௜ୀଵ , where 𝑝௜,௠௜௡ and 𝑝௜,௠௔௫  are chosen 
as the realistic interval for each building parameter 𝑝௜ . To 
minimize the simulation error with respect to monitoring 
data, an optimization is performed by varying parameters 
within suitable ranges. In our method, the cost function is 
defined as weighted total energy demand error and indoor 
temperature error summed over each simulation step: 
 

𝐽(𝑝) =  ∑ ∑  ቀ𝑤ொ ቚ∫ ቀ𝑄̇௦
௭(𝑡) −  𝑄̇௠

௭ (𝑡)ቁ 𝑑𝑡
௧ೖ

௢
 ቚ +௭∈௓

௡ೄ
௞ୀଵ

 𝑤்|𝑇௦
௭(𝑡௞) −  𝑇௠

௭ (𝑡௞)|ቁ.     (1) 

 
Here 𝑄̇௦

௭(𝑡) and 𝑄̇௠
௭ (𝑡) simulated and measured heating 

power, and 𝑇௦
௭(𝑡௞)  and 𝑇௠

௭ (𝑡௞) is simulated and average 
measured internal ambient temperature (IAT) at k-th 
simulation step for thermal zone 𝑧. Since temperature and 
energy demand error have different scales, weights 𝑤ொ  
and 𝑤்  are added such that error terms are well-balanced. 
A commonly occurring issue is that parameter solutions 
minimizing the cost function take values far from 
expected and realistic initial guess and/or reach interval 
limits. This happens when effects of parameters on the 
model output cancel each other out. Hence, a number 
parameter combinations can be identified which match 
monitored data but do not accurately represent the 
considered building. 
 

Uncertainty reduction strategies 
We apply regularization and calibration criteria to more 
than one output to reduce calibration uncertainty. 

Regularization 

Regularization has successfully been applied to many 
model calibration problems, e.g. for geophysical 
(Tarantola, 2005), and financial market models (Crépey, 
2003). The idea behind regularization is adding a penalty 
term to the cost function, which is inversely proportional 
to parameter probability. Prerequisite are the following 
steps: 

1. Available information on model parameters 
from different sources (i.e. energy audit, tests, 
measurements, data sheets, etc.) is collected. 

2. For each parameter 𝑝௜ , the modeller makes an 
initial guess 𝑝௜

௜௡௜௧   where possible. 𝑆ௌ௢௨௥௖௘  
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denotes the set of all model parameters for which 
an initial estimate is justifiable. 

3. Parameters in 𝑆ௌ௢௨௥௖௘   are sorted based on 
information source reliability. 
 

Those estimates with higher source hierarchy (reliable 
information), only need to be confirmed or slightly 
improved by performing calibration. For those estimates 
with low source hierarchy (e.g. value taken from a 
standard), parameter accuracy could be significantly 
improved by performing calibration. Regularization term 
is defined as the weighted sum of normalized parameter 
distances to their initial guess multiplied by the 
regularization weight 𝜆: 
 

𝑅(𝑝) = 𝜆 ∑ 𝑤௜

ቚ௣೔ି ௣೔
೔೙೔೟ቚ

௣೔,೘ೌೣି ௣೔,೘೔೙
௜∈ௌೄ೚ೠೝ೎೐

  (2) 

 
Weights 𝑤௜ for each parameter are adjusted based on 
source hierarchy; parameters with more reliable initial 
guess also have higher weight. Finally, regularized cost 
function and optimization problem read: 
 

𝐽௥௘௚(𝑝) =  𝐽(𝑝) +  𝑅(𝑝)  
min
௣∈௉

𝐽௥௘௚(𝑝) 

      (3) 

Calibration and validation criteria 

Available monitoring data is divided into calibration and 
validation period. Model parameters are chosen to match 
monitoring data on calibration period. Validation of 
identified models is performed against second set of 
monitoring data. Choosing criteria by which deems a 
simulation model acceptable is essential for calibration 
procedure. Metrics for energy demand are typically based 
on ASHRAE (2002) guidelines. The coefficient of 
variation of root mean square error (CVRMSE) and 
normalized mean bias error (NMBE) are defined: 

𝑁𝑀𝐵𝐸 =  100 × ∑
∫ (ொ̇ೞି ொ̇೘) ୢ୲

೟ೖ
೟ೖషభ

ொ೘തതതതത(௡ೞିଵ)

௡ೞ
௞ୀଵ   (4) 

𝐶𝑉𝑅𝑀𝑆𝐸 =  100 × ඨ∑
ቀ∫ ொ̇ೞ 

೟ೖ
೟ೖషభ

ୢ୲ି ∫ ொ̇೘ 
೟ೖ

೟ೖషభ
ୢ୲ቁ

మ

ொ೘തതതതതమ
(௡ೞିଵ)

௡ೞ
௞ୀଵ  

      (5) 

𝑄௠
തതതത =

∫ ொ̇೘  
೟೙

೟బ
ୢ୲

௡ೞ
 is the average measured energy demand 

per time step. Calibration criteria per (ASHRAE, 2002) 
are NMBE ≤ ±10% and CVRMSE ≤ 30% when 
calculated hourly, or NMBE ≤ ±5% and CVRMSE ≤
 15% with monthly data. Using hourly calibration criteria 
is important for reducing model uncertainty. However, 
energy demand per apartment in residential buildings, 
especially social housing is often quite low, and the 
resolution of installed measurement devices may not be 
sufficient for use of hourly calibration criteria, since even 
real-time energy demand, compared against 
measurements, might not satisfy hourly criteria. In such 
cases, criteria on a larger time scale (e.g. daily) can be 
used. Additionally, we calibrate model to match total 

energy demand from begin of calibration period. 
Cumulative demand error averaged over all simulation 
steps is introduced as calibration indicator (AAE): 
 

𝐴𝐴𝐸ௗ = 100 
∑ | ∫ (ொ̇ೞି ொ̇೘) ୢ୲ |

೟ೖ
೟బ

೙ೞ
ೖసభ

௡ೞ ொ೘തതതതത
    (6) 

 
According to Roberti et al. (2015), calibration with 
respect to a single model output such as energy demand 
or thermal zone temperature can be unreliable regarding 
model parameters and other performance indicators. 
Hence, calibration criteria with respect to multiple model 
outputs can help exclude models that do not represent the 
buildings real behaviour. Existing calibration standards 
do not include any temperature-based criteria. 
Temperature error indicator suggested in this work is 
defined for each thermal zone as: 
 

𝐴𝐴𝐸௧ =  
∑ | ೞ்(௧ೖ)ି ೘்(௧ೖ)|

೙ೞ
ೖసభ

௡ೞ
    (7) 

 

Occupant behaviour modelling 
Occupants have a larger impact on residential building 
energy demand compared to commercial buildings: 
autonomous window opening, individual choice of 
heating/cooling periods and change in set-points, turning 
HVAC elements on and off in different rooms, sporadic 
introduction of additional HVAC equipment, adjustment 
of shading elements, etc. All this needs to be considered 
when modelling occupant behaviour in a calibration 
simulation model, as well for generating annual 
behavioural profiles for ECM savings estimates (Figure 
2). User-behaviour profiles are collected from interviews 
with occupants and/or identified from monitoring data. 
For calibration, real-time occupancy, window opening 
and other behavioural aspects are used as simulation 
input. Next, behaviour patterns and their correlation to 
atmospheric conditions and times of the week are studied. 
Based on these, annual stochastic profiles are generated. 
This way, user behaviour is individualized to given study. 
 

 
 
Figure 2: Procedure for behaviour patterns identification 
and use in calibration and savings estimation. 
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Case study results 
Calibration procedure is illustrated on a multi-family 
building in Madrid, where two apartments are monitored 
before and after renovation. 

Residential multi-family building 

The case study was built in 1960 with social housing 
standards, on five floors and two 50 m2 apartments per 
floor. It is attached to another building on the east side, 
while the other sides are exposed to the ambient 
conditions (Figure 3).  

 
Figure 3: Front view of the building. 
 
Based on energy walk-through, information on available 
heating equipment, shading, windows and envelope has 
been gathered. Building envelope has many cracks due to 
age. All apartments have three bedrooms, living room, 
bathroom and kitchen. There are no ventilation units. 
Roller blinds and curtains are manually adjusted for 
shading and the heating is turned on or off. 
Indoor monitoring equipment is installed in apartments 
A1 and A2, on fourth and first floor (Figure 3). 
Measurement data spans from August 5, 2014 to 
September 1, 2015, with fifteen minutes sampling 
frequency. On-site weather station measures outdoor air 
temperature (OAT), external relative humidity and solar 
irradiance. Monitored apartments use gas boilers with 
radiators for heating. Two heat meters per apartment are 
installed on supply and return pipes of the gas boiler, to 
monitor heating and DHW demand. Indoor air 
temperature (IAT), relative humidity and CO2 levels were 
measured in four rooms of each apartment. Additionally, 
electric meters are installed. 

Measurement data analysis and occupant behaviour 

Measured heating energy and average IAT during heating 
period is given in Table 1.  
 

Table 1: Measured heating demand and average 
IAT 

 

Apartment Heating energy 
demand [kWh] 

Average IAT in the 
heating period [°C] 

A1 6082 21.1 
A2 1396 18.3 

 
 

Average IAT in A1 is 2.8°C higher than in A2. Heating 
demand for A1 is about four times larger than for A2 due 
to transmission losses through the roof and higher set-
point. In Figure 4, average daily CO2 levels and daily 
OAT are shown for the monitoring year. CO2 levels are 
inversely correlated to external temperature, with 
windows mostly closed throughout winter days, resulting 
in extremely high CO2 values. It can be concluded that 
heating demand for social housing apartments with old 
construction can be high even when heating set-point is 
low. Occupants tent not to ventilate their apartments in 
winter resulting in elevated CO2 levels, which may cause 
adverse health effects. 
 

 
 

Figure 4: Average daily CO2 levels and external 
temperature during monitoring year. 

 
Due to lack of occupancy and window opening sensors, 
presence and window opening are deduced from real-time 
CO2. Assuming that outdoor CO2 level is approximately 
constant, indoor CO2 concentration is described as a 
function of occupancy and infiltration rates (Coley and 
Beisteiner, 2002): 
 
ௗ ஼(௧)

ௗ௧
=  

ோ

௏
 ൫𝐶௔ − 𝐶(𝑡)൯ +  

ீ ௡೚

௏
   (8) 

 
𝐶(𝑡)  is the indoor CO2 concentration [g/m3], 𝑅 
ventilation rate [m3/s], 𝑉 space volume [m3],  𝐶௔  ambient 
CO2 concentration [g/m3], G is CO2 production rate per 
person [g/s] and 𝑛௢  number of occupants at time 𝑡. We 
assume that 𝑅 >  0.028 m3/s (i.e. infiltration greater than 
0.4 ACH) implies that windows are open. Also, 𝐺 =
6.49 ∗ 10ିଷ  g/s and  𝐶௔ = 0.68  g/m3 (i.e. 350 ppm) is 
assumed (see e.g. Schell and Int-Hout (2001)). Euler 
method gives: 
 

𝐶(𝑡 + Δ 𝑡) − 𝐶(𝑡) =
୼௧

௏
 (𝐺 𝑛௢ + 𝑅൫𝐶௔ − 𝐶(𝑡)൯ (9) 

 
Based on (9), windows open/closed status and the number 
of people in the apartment at each time step is estimated. 
We assume this approach gives a reasonable 
approximation. Correlation between windows opening 
and ambient conditions is studied. For each hour of the 
day, it was investigated how often the windows were 
open. Periods with similar frequencies are grouped 
together. Similarly, external temperature was divided in 
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intervals. Finally, we identify the percentage of window 
opening events for each combination of hour and 
temperature groups (see Tables 2 and 3).  
 
Table 2: APT1 - Window opening frequency with respect 

to external temperature 𝑇௘௫௧ [°C] and time of 
day h [hour], with following categories ℎଵ ≔ [0, 10⟩, 
ℎଶ ≔ [10, 12⟩ ∪ [22, 24⟩, ℎଷ ≔ [20, 22⟩ ∪ [12, 14⟩, 

ℎସ ≔ [14, 20⟩ 
 

 𝑻𝒆𝒙𝒕 
Hour <8 [8,14> [14, 18> >18 

𝒉 ∈ 𝒉𝟏 1.4 % 4.8 % 5.5 % 6.7 % 
𝒉 ∈ 𝒉𝟐 3.8 % 9.0 % 13.9 % 13.0 % 
𝒉 ∈ 𝒉𝟑 5.5 % 12.4 % 23.9 % 21.5 % 
𝒉 ∈ 𝒉𝟒 5.7 % 10.0 % 20.2 % 28.0 % 

 
Table 3: APT2 - Window opening frequency with respect 

to external temperature 𝑇௘௫௧ [°C] and time of 
day h [hour], with following categories ℎଵ ≔ [0, 2⟩  ∪

[20, 24⟩, ℎଶ ≔ [2, 10⟩ ∪ [12, 20⟩, ℎଷ ≔ [10, 12⟩ 
 

 𝑻𝒆𝒙𝒕 
Hour <14 [14,18> [18, 22> >22 

𝒉 ∈ 𝒉𝟏 2.4 % 3.8 % 5.4 % 12.2 % 
𝒉 ∈ 𝒉𝟐 2.1 % 5.6 % 8.6 % 12.9 % 
𝒉 ∈ 𝒉𝟑 7.0 % 18.6 % 14.5 % 21.8 % 

 
A few observations can be made: the highest likelihood 
for window opening in APT1 was 12:00-14:00 and 20:00-
22:00, while windows were rarely open at night. In APT2 
windows were open very often between 10:00 and 12:00. 
Identified frequencies and a random number generator are 
used to generate a window opening schedule for the 
reference year, used for annual energy demand 
estimation. 

Simulation model and uncertain parameters 

Trnsys17 (Klein, 1979) is used as simulation software. 
Type 56 was used for multi-thermal zone representation 
of the building. Each apartment is represented by one 
south- and one north-oriented thermal zone (Figure 5). 
The staircase is modelled as a single thermal zone. 
Adiabatic boundary conditions are assumed on the eastern 
side to the attaching building.  
Uncertain parameters are divided into construction and 
occupancy (Table 4). For each parameter a realistic range 
and an initial guess are chosen (Table 5). Thermal 
conductivity of concrete in external walls 𝑘௘௫௧  is 
considered an uncertain parameter, to take into account 
that these walls are reinforced and have cracks. Same 
holds for interior partitions, floors, ceilings (𝑘௜௡௧) and the 
roof ( 𝑘௥௢௢௙  ). Infiltration rate 𝑅௖௟௢௦௘ௗ  incorporates 
building airtightness. 
 

 
Figure 5: Building cross-section and division into 

thermal zones. 
 

Table 4: Description of model parameters 
 

Construction Description 
𝑘௘௫௧ Conductivity of cast concrete 

layer(external walls) [W/mK] 
𝑘௜௡௧ Conductivity of concrete layer 

(interior partitions/floors) [W/mK] 
𝑘௥௢௢௙  Conductivity of concrete 

layer (roof) [W/mK] 
𝑅௖௟௢௦௘ௗ  Infiltration, windows closed [ACH] 
𝑅௢௣௘௡ Infiltration, windows open [ACH] 
𝑈௪௜௡ Window U-Value [W/m2K] 

Occupancy Description 
𝑄̇௉௘௥௦௢௡ Heat gain per person [W] 

𝑇௦௘௧ Average heating set-point [°C] 
𝑇௦௘௧,௡௘௜  Average neighbour set-point [°C] 
𝐶௦௛௔ௗ௘  Shading coefficient [-] 
𝑇௦௛௔ௗ௘  Shading activation temperature [°C] 

 
Manual ventilation rate is denoted by  𝑅௢௣௘௡ . Shading 
model is based on an on/off differential controller 
considering IAT and solar irradiance at each window. It 
is assumed to mimic occupant use of the shading 
elements, since no sensor was available. Shading is 
activated if both values pass a certain value: parameter 
𝑇௦௛௔ௗ௘  is the threshold for temperature, and 250 W/m² is 
chosen as solar irradiance threshold. External shading 
coefficient 𝐶௦௛௔ௗ௘  is taken to be the same for all windows 
in one apartment. 𝑄̇௉௘௥௦௢௡  representing  heat gain per 
person is adjusted in the calibration to  match typical 
occupant activity.  
 

Table 5: Preliminary values and realistic ranges 
 

Notation Initial Min Max 
𝑘௘௫௧ 1.13 0.8 2.0 
𝑘௜௡௧ 1.13 0.8 2.0 

𝑘௥௢௢௙  1.13 0.8 2.5 
𝑅௖௟௢௦௘ௗ  0.4 0.15 0.75 
𝑅௢௣௘௡ 2.0 0.4 5.5 

𝑄̇௉௘௥௦௢௡ 75 37.5 150 
𝑇௦௘௧  22 17 25 

𝑇௦௘௧,௡௘௜  22 17 25 
𝐶௦௛௔ௗ௘  0.5 0.0 1.0 
𝑇௦௛௔ௗ௘  25 22 32 
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Parameters in Table 4 need to be estimated for each of the 
two apartments. As initial guess for the heating set-point 
in the adjacent apartments, the average temperature 
measured in three apartments during the heating season 
is taken. For windows, we consider discrete U-values 
because in TRNSYS all used window types need to be 
predefined. Thus we choose a set of realistic double-pane 
candidates, see Table 6. 
 

Table 6: Specifications of the window candidates 
 

Notation U-Value [W=m/K] SHGC [%] 
𝑊𝑖𝑛1 2.48 76 
𝑊𝑖𝑛2 2.74 76 
𝑊𝑖𝑛3 2.83 76 
𝑊𝑖𝑛4 2.89 79 

 

Heating set-point parameters 

Set-point temperature has the most significant influence 
on heating demand and IAT, hence a small parameter 
uncertainty can introduce significant error in the 
remaining model parameters. Further, A1 and A2 use 
different heating set-points (Table 1), there is no known 
heating schedule, and the heating is turned on and off 
manually by the occupants. Therefore, unlimited heating 
power is assumed with 𝑇௦௘௧ = IAT, and calibration is 
performed for construction and occupancy parameters. 
Furthermore, parameter 𝑇௦௘௧_௡௘௜  represents the weighted 
average of the heating set-points across all adjacent 
apartments, taking into account the surface areas, since 
each apartment is adjacent to at least two others. This 
influential parameter has not been monitored in the case 
study. In order to avoid having a constant simulation IAT 
in adjacent apartments, it is assumed that 
𝑇௦௘௧೙೐೔

(𝑡) = 𝑇௔௩௘௥௔௚௘(𝑡) + Δ𝑇 , where 𝑇௔௩௘௥௔௚௘  is time- 
variant measured temperature averaged over all 
monitored apartments and Δ𝑇  is a correction term 
determined in the calibration (see Figure 6). 

 
Figure 6: IAT in the adjacent apartments. 

 

Calibration procedure and results 

Since data was recorded at fifteen-minute intervals, 
ideally hourly NMBE and CVRMSE calibration criteria 
should be used. However, since heat meter resolution is 1 
kWh and average heating power is 1.9 kW and 0.5 kW for 
A1 and A2, hourly CVRMSE could not be calculated 

correctly. Instead, daily NMBE and CVRMSE are 
considered (Table 7).  
 
Table 7: Chosen calibration and validation criteria 
 

NMBE CVRMSE AAED AAET 

≤±5% ≤30% ≤5% ≤1°C 
 
Calibration (Aug 5, 2014 – Jan 31, 2015) and validation 
(Feb 01, 2015 – Apr 12, 2015) periods are defined. The 
optimization problem (3) is solved using a hybrid 
optimization algorithm combining PSO with Hooke-

Jeeves algorithm. Cost function weights are 𝑤ொ =  
ଵ

ଵ଴
 and 

𝑤் = 1. Regularization term as defined in (2) is: 
 

𝑅(𝑝) = 𝜆 ቀ𝑤ெ
|௞೐ೣ೟ିଵ.ଵଷ|

ଵ.ଶ
+ 𝑤ெ

|௞೔೙೟ିଵ.ଵଷ|

ଵ.ଶ
+

 𝑤ு
|ோ಴೗೚ೞ೐೏ି଴.ସ|

଴.଺
+  𝑤ெ

หொ̇ು೐ೝೞ೚೙ି଻ହห

ଵଵଶ.ହ
+ 𝑤௅

୼்

଼
ቁ  (10) 

 
Weights in the regularization term are decided from the 
source reliability, reported in Table 8. Values 𝑤௅  = 1, 𝑤ெ  
= 3 and 𝑤ு   = 9 are chosen. Weight 𝜆 is varied from 230 
to 270 with step 10 to obtain five different solution. 
 

Table 8: Reliability and information source of initial 
parameter values 

 

Parameter Source Reliability 
𝑘௘௫௧ , 𝑘௜௡௧ 
and 𝑘௥௢௢௙  

Constructive elements 
catalogue by Spanish Institute 

of construction sciences 

Medium 

𝑅஼௟௢௦௘ௗ Blower door test results High 
𝑄̇௉௘௥௦௢௡ Handbooks and standards Medium 
𝑇௦௘௧_௡௘௜ From IAT measurements Low 

 
Five calibrated models denoted by M1-M5 are obtained. 
Resulting construction parameters are reported in Table 9, 
while occupant behaviour and infiltration parameters for 
A1 and A2 are reported in Table 10 and Table 11. 
 

Table 9: Conductivity of the concrete layers 
 

Parameter Range Average St.dev. 
𝑘௘௫௧ 1.9-2.1 1.99 0.09 
𝑘௜௡௧ 2.2-2.45 2.36 0.1 

𝑘௥௢௢௙  1.47-1.56 1.51 0.03 
 

Table 10: Estimated model parameters for A1 
Parameter Range Average St.dev. 

𝑅௖௟௢௦௘ௗ  0.23-0.29 0.26 0.02 
𝑅௢௣௘௡ 0.97-1.2 1.09 0.09 
𝑈௪௜௡ 2.48-2.74 2.58 0.14 

𝑄̇௉௘௥௦௢௡ 78.75-97.50 88.5 7.48 
𝑇௦௘௧_௡௘௜ 20.0-20.25 20.17 0.1 
𝐶௦௛௔ௗ௘  0.0-0.0 0.0 0.0 

 
Table 11: Estimated model parameters for A2 
Parameter Range Average St.dev. 

𝑅௖௟௢௦௘ௗ  0.22-0.27 0.24 0.02 
𝑅௢௣௘௡ 1.0-1.3 1.16 0.11 
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𝑈௪௜௡ 2.48-2.48 2.48 0.0 
𝑄̇௉௘௥௦௢௡ 82.5-97.5 90.45 6.36 
𝑇௦௘௧_௡௘௜  20.66-20.79 20.74 0.05 
𝐶௦௛௔ௗ௘  0.21-0.35 0.28 0.06 
𝑇௦௛௔ௗ௘ 27.6-28.3 28.04 0.32 

 
Identified construction parameters for five calibrated 
models have low deviation. For the remaining parameters, 
it can be see that identified values mostly have larger span 
as well as deviation for apartment A2 than A1. 
Criteria parameters for A1 are summarized in Table 12, 
and in Table 13 for A2. Daily NMBE and CVRMSE 
significantly improved compared to uncalibrated models.  
 

Table 12: Calibration and validation metrics for A1 
 NMBE CVRMSE AAED  AAET 

Calibration period 
Pre-cal. -4.75 10.43 1.52 1.09 

M1 -0.85 9.51 0.32 0.76 
M2 -0.68 9.54 0.31 0.78 
M3 -0.61 9.48 0.31 0.78 
M4 -0.45 9.44 0.32 0.73 
M5 -0.33 9.43 0.32 0.76 

Validation period 
Pre-cal. -7.00 23.3 5.9 0.99 

M1 0.49 8.3 1.6 0.92 
M2 0.45 8.0 1.5 0.92 
M3 -0.15 8.2 1.5 0.92 
M4 -0.17 8.2 1.5 0.93 
M5 -0.33 8.3 1.7 0.92 

 
Table 13: Calibration and validation metrics for A2 

 NMBE CVRMSE AAED  AAET 
Calibration period 

Pre-cal. -12.49 30.08 10.3 0.84 
M1 -3.10 29.19 2.86 0.53 
M2 -1.93 29.63 2.87 0.57 
M3 -3.12 29.58 2.95 0.54 
M4 -2.07 29.46 3.20 0.53 
M5 -1.85 29.44 2.92 2.52 

Validation period 
Pre-cal. 9.93 48.48 16.05 1.03 

M1 1.72 28.89 1.27 0.66 
M2 4.65 28.94 1.60 0.65 
M3 3.21 28.10 1.49 0.65 
M4 2.03 28.35 1.54 0.65 
M5 2.57 28.62 1.93 0.66 

 
Average cumulative demand error has reduced by four 
times for both A1 and A2. Improvement is also seen for 
average absolute temperature error. Insufficient heating 
demand measurement resolution (1 kWh) introduces 
significant error, which is large compared to average daily 
consumption (42 kWh for A1 and 10 kWh for A2). This 
error can lead up to daily CVRMSE as large as 5% for A1 
and 20% for A2. Thus, it is reasonable to consider error 
of the cumulative demand  𝐴𝐴𝐸஽ . Also using daily 
CVRMSE validation criteria for A2 is avoided. 

Regularization effect on model parameters 

The choice of parameters for which the model fulfils 
calibration criteria is not unique. Calibrated models can 
have large variations in parameter values when compared 
to each other. Table 14 contains parameters of a calibrated 
model for apartment A1, where regularization was not 
applied and it is compared against regularized solution 
M1.  
 

Table 14: Comparison of solutions for A1 
Parameter Regularized Non-regularized 

𝑅௖௟௢௦௘ௗ  0.26 0.15 
𝑅௢௣௘௡ 1.09 2.0 

𝑄̇௉௘௥௦௢௡ 88.5 35.7 
𝑇௦௘௧_௡௘௜  20.2 17 

𝑘௘௫௧ 2.0 1.5 
𝑘௜௡௧  2.4 1.5 

𝑘௥௢௢௙  1.5 1.0 
 
For the non-regularized solution, parameters have taken 
values, which lie on the lower or upper boundary of the 
realistic pre-defined range. As such, these values are 
highly improbable. More precisely, it is unlikely that the 
infiltration in A1 is only 0.15 ACH and conductivity of 
the reinforced concrete is 1.5 W/Km, since it is known 
that the building has old construction and windows. 
Moreover, the average IAT of 17°C in adjacent 
apartments is too low. Therefore, this model can be 
considered "falsely calibrated". The regularization term 
has directed the optimization procedure away from 
interval boundaries and closer to initial parameter 
estimate. 

Discussion 
The importance of including initial guess or a-priori 
parameter distribution information into calibration 
procedure is highlighted on a case study, by 
demonstrating that unrealistic model parameter 
combinations, which do not represent the real building 
well, can be identified as calibrated. Number of "falsely 
calibrated models" increases when calibration criteria on 
IAT is omitted, hence increasing uncertainty. This 
underlines the importance of additional calibration 
criteria. For the analysed case study, uncertainty in the 
model predictions was studied by identifying five 
different calibrated models. It has been seen that due to 
low heating demand of single apartments, the heat meter 
resolution was not sufficient to accurately determine all 
calibration criteria. It is therefore suggested that typical 
apartment demand is considered when choosing 
resolution of heat meters. 

Conclusion 

An extension to the standard calibration procedure 
proposed in this work includes using regularization in 
combination with a-priori parameter distributions and 
introducing additional calibration criteria to reduce model 
uncertainty. The importance of monitoring and pattern 
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identification for behavioural, time-variant variables in 
the residential sector is underlined.  
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