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ABSTRACT 

Calibrated building energy models can provide 
numerous benefits to on-going building operations, 
especially in the application of demand response 
strategies. In order to quantify the impact of winter 
demand response measures applied on five existing 
buildings, calibrated EnergyPlus models were setup 
to determine their baseline profiles. This paper 
presents the methodology used to calibrate these 
building models, the results obtained and the lessons 
learned from that activity. A coefficient of variation 
of root mean square error (CVRMSE) on an hourly 
difference of about 15% was obtained for 4 of the 
analyzed buildings. The experience pointed out a 
series of facts: the substantial gain resulting from 
having submetering or building automated system 
data, the importance of advanced visualization 
techniques to analyze measured and simulated data, 
and the limited gain when using advanced 
mathematical approaches.  

INTRODUCTION 
Calibrated building energy models can provide 
numerous benefits to on-going building operations. 
They can assist in the diagnosis of operational 
problems through fault detection and can be used to 
estimate energy savings by generating a baseline 
profile. However, calibrating a detailed building 
energy model is not a trivial task, especially if the 
model is intended to predict short-term demand 
profiles for which a highly accurate model at a low 
timestep is needed. 

Past literature reveals several activities undertaken in 
the calibration of building energy models. Reddy 
(2006) presented a general literature review of 
different calibration techniques and procedures. The 
number of parameters involved in a building 
simulation program and the lack of measured 
information lead to a non-unique set of solutions 
since the problem is undetermined. The analyst relies 
on personal judgment to select best guessed values 
and calibrate the remaining parameters.  

WestFalls (2005) described a general methodology 
for calibration that combines an energy audit and a 
sensitivity analysis. Different steps are proposed to 
sequentially adjust the base load and the thermal 
characteristics of the building envelope. More 

recently, Dadioti and Rees (2013) followed a similar 
approach relying on Morris’ method for sensitivity 
analysis. On the other hand, Raftery (2011) proposed 
an evidence-based methodology that defines a source 
hierarchy for selecting parameters in order to 
calibrate models. Also, interesting approaches have 
been proposed by Mihai and Zmeureanu (2014) and 
Zibin (2014) in order to calibrate models using 
building automated system data such as zone airflows 
and zone temperature. 

To facilitate the calibration process, the authors 
developed tools that address specific needs for 
calibrating detailed models [Sansregret et al., 2014]. 
VizBEM (2014) is an Excel spreadsheet viewer 
dedicated to the analysis and visualization of 
measured and simulated data. Also ExCalibBEM 
(2014) could be described as a simple and complete 
interface to GenOpt® (2011) optimization package 
with some interesting features to facilitate the 
generation of the input file template and the setup of 
the objective function for calibration purposes. 

The objective of the present work was to obtain 
detailed calibrated models for five existing 
commercial buildings to establish their baseline in 
order to assess the impact of winter DR measures. 
All of these buildings were exclusively electrically 
heated so high peak demands were recorded on the 
morning of cold weather days.  Simple non-intrusive 
measures, such as increasing zone temperature during 
the night and shutting-off the ventilation during the 
first hours of occupation in the morning, were 
experimentally applied in these existing buildings 
during specific cold days. In this type of situation, 
establishing an accurate baseline is a challenging task 
for the assessment of the demand impact of a 
measure. Different approaches were analyzed, 
including the detailed calibrated model approach. 

This paper presents the methodology used to 
calibrate these building models, the results obtained 
and the lessons learned from that activity. 

 METHODOLOGY 
A structured method was used to build and calibrate 
the fives models. This method, inspired by previous 
works by the authors [Lavigne,2009] and past 
literature, proposed the following steps: 

1. Building the model 
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2. Analyzing measure data sets 
3. Defining calibration periods 
4. Adjusting the model 
5. Setting up parametric runs 
6. Setting up optimization runs 

The methodology was developed with the intention 
of obtaining some sort of guidelines leading to 
successful calibration. In the process of establishing 
those guidelines, the authors realized that a certain 
customization of the process and iteration between 
steps (steps 4-6 especially) are inevitable. In the 
presentation of each of these steps, a description of 
the tools used and some of their interesting 
functionalities are provided. 

1 - Building the model 

EnergyPlus models of a bank branch, an elementary 
school, 2 retail stores and an office building were 
generated. Table 1 shows the geometry and a brief 
description of each building. 

Table 1: Buildings summaries 
 

 MODEL DESCRIPTION 

 

• Bank branch 
• 427 m² 
• 260 kWh/m² 
• Peak: 53 kW 
• Rooftop units 

 • Retail store #1 
• 2126 m² 
• 217 kWh/m² 
• Peak: 230 kW 
• Rooftop units 

 • School 
• 4610 m² 
• 110 kWh/m² 
• Peak: 180 kW 
• Rooftop units and 

central HVAC 

 • Retail store #2 
• 1548 m² 
• 360 kWh/m² 
• Peak: 200 kW 
• Rooftop units 

 • Office building 
• 1541 m² 
• 315 kWh/m²* 
• Peak: 133 kW 
• Central HVAC 

*Evaluated from the whole building consumption data, not only 
the office section’s 

All of these buildings are located in Quebec and are 
electrically heated. 

The following steps were undertaken for each 
building: 

- Study of architectural and mechanical drawings and 
building automation system display screens (when 
available)  

- As detailed as possible on-site survey especially in 
regards to plug loads and other parameters that 
could not be determined from engineering drawings 

- Interview with building owner to establish occupant 
behaviour (levels of activity and occupancy, 
schedules) 

- Creation of a SketchUp model of the building  

-  Importing the SketchUp model in the SIMEB 
software (2013) and completing the model by 
creating the HVAC systems, assigning schedules, 
entering details about internal loads, etc. SIMEB 
was chosen to produce the first version of the 
building models. The software allows the 
importation of a SketchUp model and requires a 
limited number of entries. The software produces 
an EnergyPlus input file which can then be edited 
in details if necessary. We recommend to use any 
EnergyPlus interface that could help the modeller 
to produce a first model quickly. 

- Obtaining the weather file for a period that matched 
the measured data (in this case from the SIMEB 
web site: https:\\www.simeb.ca) and running the 
simulation with EnergyPlus. 

- Manually modifying the EnergyPlus input file to 
adjust any entry not supported by the initial 
software used to produce the first model (e.g.: in 
SIMEB: baseboard and reheat coils power, 
minimum and maximum flows for the VAV boxes, 
sub-hourly schedules etc). 

2 - Analyzing measured data sets 

An in depth analysis of all available measured data 
was essential for the calibration process. For these 
five all electric buildings, only the total electric 
demand on 15- minute intervals for years 2012-2013 
was available. Also, in specific cases, some 
appliances were monitored for short durations as 
explained in the next section.  

All of the measured profiles were analyzed using 
visualization techniques, such as a daily clustering 
analysis and contour plot representations in order to 
detect behaviour problems and verify operating 
schedules. To obtain a convenient calibrated model, 
the operation of the building should be relatively 
stable during the analysis period covered by the 
measurements. An erratic consumption, such as 
oscillating demand or non-periodic behaviour could 
be hard to reproduce with the model.  

To help understand a building’s behaviour, a good 
approach is to identify the typical daily profiles. This 
can be achieved by separating occupied and 
unoccupied days and/or by evaluating an average 
monthly profile. However, those methods may fail to 
identify different operation modes encountered 
within a week, for example. To overcome these 
difficulties, in the present study, a daily clustering 
analysis described by Fournier and Lavigne (2010) 
was used.  All daily profiles included in the 
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measurement period were divided into six classes. 
Figure 1 shows the results. On each graph the daily 
profiles forming the class are shown in grey and the 
median profile is shown in black. At the bottom of 
Figure 1, there is a daily calendar representing the 
measurement period. The color of the box indicates 
to which class the daily profile belongs. 

The analysis shows four different schedules during 
the week and an extended hour period in February.  

 

Figure 1 - SIMEB hourly analysis of the bank branch 
smart meter data 

3 - Defining calibration periods 

Adequately choosing the calibration periods is 
crucial. The first attempt was to calibrate the building 
model using an entire year of measured data to cover 
all building operation modes. However, this often 
captured all erratic behaviour (temporary changes in 
schedules, equipment failures, etc.)  that could be 
present during the year making it difficult to adjust 
the simulation parameters. 

On the other hand, selecting short periods for 
calibrating the models can also be hazardous. It 

would be difficult to cover most operation modes 
within a few consecutive days. Therefore, parameters 
that have a stronger influence during that period 
should be properly adjusted. However, the other 
parameters might end up with rather random 
“calibrated” values. For example, the static pressure 
fans does not have a strong impact during the heating 
season. In order to adjust this parameter properly it is 
important to include a summer week. However, 
adjusting the minimal outside air ratio generally 
requires a period in the cold season, whereas plug 
loads are much easier to adjust when neither cooling 
nor heating are present. Those observations are 
especially true in the context of all-electric buildings 
where cooling, heating and base loads are included in 
a single meter. 

Three periods of one week were selected. Those 
periods were not consecutive; they rather represented 
three operation modes: one week during cold 
weather, one week during the mild season (fall or 
spring) and finally one week during the summer. 
Those should be carefully chosen. The daily profiles 
should be regular and the profiles should not be too 
far from the median profile in their respective class. 
The classes were determined previously using an 
hourly analysis. 

Figure 2 shows three weeks used for the calibration 
of retail store #1. The view is from VizBEM’s 
TimeFrame tab. Smart meter data as well as the 
outside air temperature are shown on the graph. The 
first week is a winter week with an outside air 
temperature of around -20°C. The week in the middle 
corresponds to the mild season with the temperature 
around 10°C during the day. Finally, the last week is 
a summer week with a mean temperature around 
25°C. As expected, the lowest consumption was 
observed during the mild season where only a little 
heating was still observed in the morning.  

 
Figure 2-Calibration periods for retail store #1 

Sometimes, it can be difficult to set a calibration 
period.  For example, Figure 3 shows total 
consumption measurements for retail store #2 for 
weekdays with an average daily outside air 
temperature bin of -10°C.  There was a significant 
change in the building’s operation around October 

Proceedings of BS2015: 
14th Conference of International Building Performance Simulation Association, Hyderabad, India, Dec. 7-9, 2015.

- 2891 -



2013. Since the DR measures were implemented in 
February 2014, the calibration period was chosen to 
be from January 2nd to 7th 2014. The main objective 
of the model was initially to provide a baseline to 
calculate the impact of the DR measures. Since those 
measures targeted heating strategies, the calibration 
effort was deployed to adjust parameters related to 
heating equipment. 

 
Figure 3-Evolution of the retail store #2 consumption 

over 2 winters for weekdays with an average daily 
temperature bin of -10°C 

4 - Adjusting the model 

A lot of information can be obtained after the first 
detailed simulation run over the measurement period. 
For example, the operational schedule input in the 
model, such as the start/stop of systems, could be 
verified with the measurements and eventually 
adjusted. There are often mismatches between 
measurement trends and the assumed operation. For 
example, the measurements could reveal some 
HVAC activity during weekends when the HVAC 
systems are supposed to be off. The comparison with 
measurements using visualization techniques can 
point out some discrepancies to explore. At this step, 
some problems could be detected (e.g.: a meter is 
missing, schedules shift because the weather file does 
not include the leap year day, schedules are set to 
standard time as opposed to daylight saving time 
during the summer, etc.). It is also relevant to qualify 
the difference between the model and the 
measurements by computing the statistical indicators 
(NMBE, CVRMSE) to get a sense of the target 
closeness. 

Schedule validation 

Once the first model of the bank branch was 
completed, simulated and measured data were 
compared using daily clustering analysis. The 
documentation from the control company stated that 
the ventilation units start-up with an offset of 30 
minutes. However, when comparing the median 
profile for the extended period class, this offset 
actually shaves the morning peak (see Figure 4). The 
offset at system start-up was removed from the 
simulation. 

 
Figure 4-Comparison of Class 6 median daily profile 

Use of submetering 

The analysis of submetering  data can also provide 
substantial information especially where surveys and 
building drawing fail. For retail store #2, the elevator 
power was submetered and the VizBEM daily profile 
tab was used to establish the load and the schedules 
for each day of the week. Figure 5 shows the average 
daily profile for a Wednesday of January 2014.  

 
Figure 5-Average elevator power for Wednesdays in 
January from the submeasurements at retail store #2 

A similar procedure was used for the school. The 
initial schedules were those of SIMEB’s school 
default schedules. Since carbon dioxide monitoring 
was installed in a few classrooms, the mean CO2 
profile was calculated for weekdays. The schedule in 
the simulation was modified to agree with the carbon 
dioxide profile (see Figure 6). 

Use of BAS data 

When building automation system data is available, 
the comparison can be made at many levels. For the 
office building, many control points where available 
on a 15-minute basis. Figure 7 shows the mean room 
air temperature for a perimeter zone for the second 
week of January 2014. As illustrated, the initial 
model predicted an increase in temperature around 
mid-day. This information was used to identify the 
erroneous HVAC system parameter input related to 
the heat recovery equipment. Figure 7 also shows the 
temperature once the HVAC parameters were 
adjusted. 
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Figure 6-Carbon dioxide profile and schedule 

adjustments for the school 

 
Figure 7-Temperature of a perimeter zone in the 

office building for January 9th-15th 2014 

Use of visualization techniques for loads 
adjustements 

Adjusting the different loads in a simulation can be 
difficult. Using visualization tools can help in the 
analysis of the differences between measurements 
and simulation and therefore guide the user towards 
more adequate adjustments to the parameters.  

The first simulation model completed for the school 
seemed to underestimate the mean power profile of 
the building especially during the winter nights and 
to overestimate it at start-up time in the summer. 
Figure 8 shows a contour plot of the difference 
between the simulation model and smart meter data 
for the school’s total hourly consumption. This graph 
can be easily executed in the ContourPlot tab of 
VizBEM. This type of analysis can help target 
periods when the simulation does not agree with the 
measurements. 

Figure 9 shows the mean hourly power for the second 
week of January 2013. The agreement between the 
simulation and measured data could be acceptable 
during the day, but there is a larger difference during 
the night. This graph was produced using the 
WeeklyProfile tab in the VizBEM tool. 

Using the Scatter tab in VizBEM allows to see the 
correlation between the model offset and the external 
temperature for unoccupied periods (see Figure 10). 
This type of inverse model can help verify if the 
difference between the model and the real building 
are temperature related or not.  

It was quite clear that the offset between the smart 
meter data and the results from the first simulated 
data could, at least in part, be associated with heating 
loads. The insulation levels were known and the 
uncertainty on their exact value was not enough to 
cause such a difference. Also, the impact would have 
been observed during both occupied and unoccupied 
periods. A plausible solution was that the infiltration 
should be increased during unoccupied periods. 
Indeed, infiltration is generally increased when 
HVAC systems are shut down since the building is 
then in negative pressure. The fact that this building 
had no cooling explains why the differences are not 
as significant during warmer days. Figure 9 shows 
the second week of January 2013 once the infiltration 
was corrected. 

 

 

Figure 8 Contour plot of the consumption difference 
between the school model and smart meter data 

 
Figure 9 Mean hourly power (Watts) for the second 

week of January for the school 
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Figure 10 Difference between measured and 
simulated data plotted against outside air 

temperature for unoccupied periods, bank branch. 

5 – Setting up parametric runs 

Table 2 shows the list of parameters that were 
selected for the sensitivity analysis for each building. 
For most buildings, the walls/roof insulation, 
minimum outside air fraction, infiltration rate, 
equipment load and HVAC fan pressure are present. 
Those parameters were difficult to determine with an 
appropriate level of confidence and most were 
suspected to be responsible for the discrepancies 
between measurements and simulation results. 

More statistical approaches could be explored to 
precisely quantify the impact of the parameters on 
the model.  

Table 2: Sensitivity analysis parameters 

PARAMETERS 
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Ground heat transfer coefficient   x   
U-values roof and/or walls x x x x  
Minimal outside air fraction/HVAC 
syst. 

x x x x x 

HVAC fan pressure x x x x  
Heat recovery efficiency    x  
Setpoint temperature*  x    
Minimal zone air flow*   x   
Infiltration rate x x x x x 
Infiltration schedule    x  
Equipment load* x x x x x 
Light density*    x x 
Light density-night*    x  
Occupation density*     x 

* For certain or all zones/terminal boxes 

Simulations were run with a low and high value for 
about 5 to 10 parameters in order to analyze their 
impact. This process was helpful because it allowed 
to select only parameters that had a significant 
impact and to see if different parameters that had the 
same impact could be grouped together. Also, this 
process helped in debugging the models when some 
behaviour trend were not as anticipated. The 
ExCalibBEM software can be used to conduct 
parametric runs. The user must choose parametric 
run as the “calibration algorithm” in the optimization 
tab. The user can then define the parameters to vary 
and the range of values considered. Once the runs are 

completed, the results may be graphed in the 
visualization tab. The results can also be exported to 
VizBEM for more flexibility in the data analysis. 
Figure 11 shows the impact of minimal outside air 
fraction for the bank branch for the calibration 
period. The low and high values were considered 
respectively as 20 % and 50% of the total air flow 
rate. The analysis of all the parametric simulations 
helps typify the effect of each of the parameters. For 
example, in the case of the bank, the static pressure 
of the supply fans had a greater impact in the summer 
when the building was occupied. Also, the building's 
insulation and the level of air infiltration substantially 
followed the same trend. However, the value 
attributed to infiltration was considered to be far 
more uncertain and was more sensitive to the results 
than the building's insulation. 

 

 
Figure 11-VizBEM view of the impact of minimum 

outside air, bank branch 

6 – Setting up optimization runs 

This was the final step. Optimization was attempted 
only after all adjustments of the model had been 
made using visualization tools.  

Most parameters from step 5 were kept for the 
optimization runs. Some were eliminated if their 
influence on the model was negligible or if a more 
precise value could be obtained with an additional 
survey: light density for the office building, 
minimum outside air fraction for the school, static 
pressure for retail store #2, etc. 

For each model, the optimization run evaluated the 
parameter values that minimized the root mean 
square error (CVRMSE) between the simulated and 
measured data for each 15 minutes interval during 
calibrated periods. It should be noted that more 
accurate results were obtained when using a shorter 
timestep (3 min) and integrating the results on 15 
min. A Generalized Pattern Search algorithm was 
used in all of our cases since the algorithm requires 
the use of continuous variables as opposed to discrete 
variables, which was the case with the parameters 
that were selected for all building. Table 3 shows the 
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optimized parameter values for the bank, which led 
to the lowest CVRMSE possible. 

This optimization run took 3 hours (Xeon 2.53GHz. 
3GoRAM) and evaluated a little more than 120 
simulations. Several tests were also conducted using 
an evolutionary algorithm, which resulted in a 
considerable increase in the number of evaluations 
without coming to better results. ExCalibBEM 
software was used to setup the optimizing runs. 

Table 3: Retained parameter values, bank branch 

PARAMETER VALUE 

U 102% of Initial Value 

minOA-Syst-2 40% of Total Flow 

FanPressure 522 Pa 

minOA-Syst-1 25% of Total Flow 

Infil 300% of Initial Value 

PlugLoad 85% of Initial Value  

CVRMSE 21.6 % (on 15-min intervals) 

 

RESULTS AND DISCUSSION 
This calibration process was conducted for the five 
facilities. Figures 12 to 16 show four calibrated 
profiles vs the smart meter data for a single day 
whereas Table 4 lists NBME and hourly calculated 
CVRMSE for each building model over their 
calibrated periods. These statistical indicators are 
well below the accuracy targets proposed by 
ASHRAE guideline 14-2002 (NMBE < 10% and 
CVRMSE < 30% for hourly measurements).  
 

Table 4-Calibration results 

 NMBE CVRMSE 
Bank branch 1.5% 15.9% 
Retail store #1 3.7% 24.1% 
School 2.0% 15.2% 
Retail store #2 4.2% 15.3% 
Office building 1.5% 15.9% 

 

 
Figure 12-Calibrated vs measured: Bank Branch 

 

 
Figure 13-Calibrated vs measured: School 

 

 
Figure 14-Calibrated vs measured: Retail Store#1 

 
Figure 15-Calibrated vs measured: Retail Store#2 

 
Figure 16-Calibrated vs measured: Office Building 

 

To ensure the accuracy of the models, it is essential 
to gather as much information as possible on the 
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building characteristics and operation. One important 
source of information is the building owner and/or 
operator who can provide information concerning the 
building envelope, the HVAC systems, internal 
gains, schedules, etc. Sound collaboration with those 
people is crucial. 

Submetering data and trend logs from the BAS 
systems proved to be efficient for the adjustment of 
parameters as well as schedules. They constitute a 
reliable source of information that could also be used 
in the objective function for the optimization runs. 

The key to success in the proposed calibrated method 
does not really lie in the type of optimisation 
algorithm used to calibrate the model. As presented 
in the methodology, substantial work should be done 
prior to the mathematical calibration itself. As was 
also mentioned by Reddy (2006), an important 
element is to use appropriate visualization tools that 
will help analyze simulated and measured data. With 
the appropriate views, one can identify some of the 
parameters to adjust, select appropriate calibration 
period, etc. Although the optimization allowed to 
obtain final optimal adjustments, its impact was low 
compared to previous analyses with the visualization 
tools and manual adjustments. 

Another important lesson learned is that calibration 
cannot follow a linear process. It is an iterative 
process for which each parameter adjustment is 
validated by comparing measured and new simulated 
data. The calibration of building energy models 
requires a lot of effort, a sound knowledge of 
building physics and simulation expertise.  

Finally, as shown with one building model, BAS data 
can provide relevant information for adjusting 
simulation parameters. Following Zibin’s (2014) 
approach, the calibration could be improved by 
adding BAS data to the objective function to 
calibrate equipment parameters, thermal zone 
parameters, etc. 

CONCLUSION 
This paper presented the calibration process followed 
to create five building energy models used to 
quantify the impact of DR strategies. The procedure 
has shown satisfactory results for the five buildings 
with the highest CVRMSE reaching 24.1%.   

This study highlighted the fact that the calibration 
process of a building energy model cannot be 
summarized in a strict procedure. As mentioned, it is 
possible to define general guidelines. However, the 
success of the calibration procedure resides in the use 
of appropriate tools to extract as much information as 
possible from the data available. This is especially 
true in the context of models needed as a baseline for 
DR measures. 
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