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ABSTRACT
Building energy models constructed during the design
phase can be used during building operations for
benchmarking, fault detection and diagnosis, controls
optimization and retrofit analysis. For most such
applications, the model must be calibrated to at least
roughly match measured data. This calibration process
can be effectively framed and solved as an error
minimization problem by selecting appropriate
calibration parameters and bounds. Although the final
determination of parameter values is performed
algorithmically, there is still much engineering
judgment necessary to set up and solve the problem.
This paper demonstrates some practical techniques for
setting up and solving the problem with GenOpt,
including the iterative process of solving for
successively more complete problem statements.
Additionally, the paper discusses some of the ways in
which modeling expertise plays an important role,
illustrated by reference to recent projects.
INTRODUCTION
Renovating existing buildings for improved efficiency
is a growing trend as clients wish to reduce annual
energy costs to minimize risk associated with rising
fuel prices, inflation and degradation in the building
fabric and equipment. Renovations can also restore the
design aesthetic, improve indoor environmental
quality, attract more visitors and improve sales.
However, one of the challenges of renovation projects
is estimating the existing condition of the facility in
order to provide a starting point for the design. Energy
models built for new construction rely on design
documents for inputs for envelope, internal loads and
HVAC equipment and operation. Energy models built
for existing buildings have to rely on input from
building operators and clients for design inputs. Even
in such cases, it can be extremely challenging to adjust
the energy model so that the energy use output follows
the same trend as the metered data from an existing
facility.

Calibrating an energy model is performed by adjusting
modeling parameters (inputs) in an effort to more
closely match the outputs of the energy model to the
measured utilty data. Calibrated models can be used
not just for retrofit analysis, but also for other
operations-phase uses, such as fault detection &
diagnosis, controls improvements, etc. In practice, this
calibration process is usually carried out manually,
relying on the skill of the modeler to find a reasonable
configuration of parameter values that roughly matches
the utility data (Reddy 2006). However, the process
can be faster and more precise by automating parts of
it.
Although relatively rare among building energy
modeling practitioners, it is common among building
simulation researchers (and among academics and
practitioners in other fields such as controls
engineering) to approach this calibration process as a
numerical optimization problem (see, for example,
Henze and Liu (2005), Sun and Reddy (2006),
McDowell and Thornton (2008), McKinley and
Alleyne (2008)). The optimization variables are the
parameters to be adjusted, and the objective is to
minimize the error between the model output and the
utility data.
In the academy, however, this optimization-based
process occasionally takes on a life of its own,
extending the mathematics to a sensitivities-based
parameter selection process, and sometimes neglects
the physical meanings of the parameters being
adjusted.The calibration techniques described in this
paper are intended to supplement, rather than
supersede, the manual calibration practice carried out
by experienced modelers. It takes only aspects of the
automated approach that fit well, focuses on trying to
understand the project better, and is conscious of time
and budget constraints. This paper also attempts to fill
a gap in the practitioner focused literature by
demystifying the optimization based model calibration
process and providing tangible steps for carrying it out
with DOE2 models and GenOpt (Wetter 2009). An
example study is used for illustration.
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CASE STUDY: TOLEDO ZOO AQUARIUM
The study was a result of an energy modeling exercise
for an actual renovation project of the Toledo Zoo
Aquarium. The Aquarium in Toledo, Ohio is a 35,000
sf facility and houses different tanks with a total water
volume of 200,000 gallons. The aquarium is
undergoing extensive interior, airside HVAC, and life
safety systems (LSS) equipment renovation. The
envelope and existing ground source heat pump
systems were maintained. A Design energy model was
produced to simulate the starting design condition of
the aquarium for benchmarking against an ASHRAE
90.1-2007 Appendix G model. The assumptions for
internal loads and airside HVAC systems were
determined from the design documents. The
assumptions for the existing envelope, and for the
capacity and sequencing of ground source heat pumps
(GSHP) were determined after conversation with the
building operator and client. The GSHP system was
sized to meet the entire heating load of the building by
being sequenced to run before the backup boilers. The
energy models were created using eQuest, which is a
freeware building energy analysis tool with a DOE 2
engine. Design case was built over the duration of two
weeks which included time for QA/ QC and matching
up to the existing utility data.

Original Model Outputs Vs. Utility Data
5236 Toledo Zoo Aquarium

Fig 1: Original model outputs vs utility data

Upon comparing the energy model outputs with the
utility data of the existing building, the Design case
was using 50% less electricity and no gas when
compared to the utility data, as seen in Figure 1. This
variance in comparison led to further conversations
with the client about the existing condition of the
building, and kickstarted the calibration process.
Table 1: Design Model Parameters
PARAMETER
Walls
Roof
Lighting (W/sf)
Equipment (W/sf)
Building Schedule
Air handling Units
Chilled Water Eqp
Hot Water Eqp

DESIGN VALUE
R4.3
R10
2.0
2.0
9 am to 5pm
VAV AHU’s
Ground Source Heat Pumps
(GSHP)
Ground Source Heat Pumps
(GSHP) with supplemental
heat from HW Boilers

Fig 2: Schematic view of the model
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METHODS OVERVIEW

Figure 3: Problem description
Figure 3 illustrates the calibration problem. The inputs
to the model (weather, occupancy, etc) must be set to
match the inputs for the period being considered. Most
models can have many outputs; the model to be
calibrated must be configured or its outputs post
processed such that the form of its outputs matches the
form of the monitored outputs, usually a set of monthly
electricity consumptions, monthly peak demands and
monthly gas consumptions. The goal of the calibration
process is to modify some selected model parameters p
to minimize the difference between the model outputs
A and the outputs in reality B. In mathematical form,
min
ê(A,B)
p
subject to
pmin
where ê some error function, most usually a root mean
squared normalized error, as discussed below.
Parameter selection
An academic approach to parameter selection would be
through the use of sensitivity analysis. But this is
computationally intensive, and in most practical cases
the parameters can be selected using engineering
judgment. The existing facility had an unlikely high
gas usage. This could have been heating due to air
conditioning or heating for hot water for the aquarium
tanks. However, the energy model for LSS systems
showed that aquarium tanks were in cooling mode for
majority of the year. Also the heating for the building
was supposed to be supplied by the electric GSHP’s
with only supplemental heating from the backup
boilers. The major conclusions after observing the
utility data were:
1.
2.

There is a significant heat loss from the
envelope
The capacity of the GSHP’s is lower than the
expected design value

The goal of the calibration process is to modify various
parameter values in the original model to make the
outputs match the measured utility data as closely as
possible. The first step is to identify a handful of model
parameters that may have a significant impact on its
energy performance and whose real values are
particularly uncertain. In eQuest, these paramters were
identified using global parameters. Minimum and
maximum possible values for these parameters are
determined by the modeler. Automated parametric
analysis and/or optimization are then used to run the
model hundreds or thousands of times with different
parameter value combinations within the allowed
ranges, in search of the parameter values that minimize
the root mean squared error (RMSE) between the
model outputs and the measured monthly utility data
for natural gas consumption, electricity consumption
and electricity peak demand. Post-optimization
sensitivity analyses can also be carried out, and the
whole process can be iterated on multiple times, adding
more parameter values and getting more precise with
the calibration each time. More detailed utility data can
also be used in further iterations, allowing for more
confidence in the calibrated parameter values.
PARAMETRIC GRID ANALYSIS
Initial grid analysis
Five parameters were initially identified for calibration
and a first pass was carried out. Four more parameters
were added for a second pass, and the calibrated values
were refined further to provide a good fit with the
measured values. Note that TMY weather data was
used for the first pass.
This first pass did not involve an optimization
algorithm per se. The model was simply run, and the
error metric calculated, for every point in a (rather
coarse) grid over the possible parameter values. The
point with the least error was taken as the ‘calibrated’
point from this first pass, but more interest was given
to the scatter plots of the results (Figure 4). These
scatter plots are used to determine which parameters
are likely to come up against which constraints, if such
constraints should be loosened (and if so, what might
this say about possible problems in the building or in
the model), and to better understand the relationships
between the parameters and the error metric. This
better understanding of the problem is used to refine
the analysis for a second pass.
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Table 2: First Pass Parameters
PARAM.
NAME
Roof Uvalue
GSHP Capacity
Efficiency of
new LSS to
existing LSS
EPD in Work
Space
EPD in Other
areas

ORIG.
VALUE
0.1
1.2
1.0

MIN
VALUE
0.1
0.2
1.0

MAX
VALUE
1
1.2
2.0

STEP
0.1
0.2
0.16

2.0

2.0

4.0

0.33

0.7

0.7

2.7

0.33

Figure 4: Example points in grid analysis. The best
points for each parameter are the points that have the
lowest error metric and are lowest on the Y-axis (or
closest to the X-axis)
Fig 4 shows the results of 12,960 simulations over a
grid of possible parameter values, with the error metric
(RMSE) shown in the vertical axis. Note that for each
of the parameters, the lowest error occurs at one of its
constraint boundaries. This suggests that further
reduction in the error could be possible by loosening
these constraint boundaries or by adding more
parameters to the calibration process, both of which
were done in the second pass. Increases in roof Uvalue are also used to account for increases in
infiltration, since these two have very similar
influences on energy consumption patterns. Decreases
in the GSHP capacity parameter may also point to
sequencing differences between the model and actual
operation.
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Capacity
Efficiency of
new LSS to
existing LSS
EPD in Work
Space
EPD in Other
areas
Wall Uvalue
Elec Equip Sch
Occupany Sch
Domestic HW
Sch

1.0

1.0

2.0

0.16

2.0

2.0

4.0

0.33

0.7

0.7

2.7

0.33

0.5
5pm
5pm
5pm

0.5
5pm
5pm
5pm

1
11pm
11pm
11pm

0.1
3hrs
3hrs
3hrs

The second pass begins again with the model simply
being simulated over a range of parameters, again to
improve our understanding of the problem and to make
sure that it is well framed. The best point found over
this grid is then taken as a starting point for a more
refined optimization algorithm.
In place of adding an infiltration parameter to the
study, the roof and wall U values were allowed to
increase beyond their expected values to account for
the possibility of infiltration being higher than in the
original model. (Note that infiltration and U-values are
hard to tease apart in calibration like this since they
have very similar impacts on energy consumption.) Fig
6 shows the results of a further 23,498 simulations over
a grid of possible parameter values (cut a bit short from
desired because of time constraints). The best point
identified in orange in Fig 6 produces the match with
measured data shown below in Fig 7.

Figure 5: Best point after initial grid analysis
Fig 5 shows the model outputs versus utility data for
the best point found in this first pass. Note that the
model is still underestimating the electrical and gas
consumption, but is overestimating the peak electrical
demand.
Refined grid analysis
Four additional parameters
calibration

were

identified

for

Table 3: Second Pass Parameters
PARAM.
NAME
Roof Uvalue
GSHP

ORIG.
VALUE
0.1
1.2

MIN
VALUE
0.1
0.2

MAX
VALUE
1
1.2

STEP
0.1
0.2
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Fig 7: Best point after second pass grid analysis

Fig 6: Example points in grid analysis – best points
marked in orange.

FINAL CALIBRATION VIA OPTIMIZATION
This best point found in the second-pass parametric
grid analysis was used as the initial point in an
optimization to further refine the parameter values. The
GPS Hookes Jeeves algorithm was used in GenOpt to
find the best possible set of parameter values in a
region around the initial point. A graph of the
optimizations progress is shown in Fig 8.
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Fig 8: Optimization Progress
The best set of parameter values found by the
optimization is as follows:
Table 4: Final parameter values
PARAM. NAME
Roof Uvalue
GSHP Capacity
Efficiency of new LSS to
existing LSS
EPD in Work Space
EPD in Other areas
Wall Uvalue
Elec Equip Sch
Occupancy Sch
Domestic HW Sch

ORIG.
VALUE
0.1
1.2
1.0

CALIB.
VALUE
0.20
1.74

2.0
0.7
0.5
5pm
5pm
5pm

4.0
1.50
0.69
11:55pm
6:05pm
11:30pm

1.23

The closeness of fit with utility data is shown in Fig 9.
For the year, the calibrated model is still
underpredicting electrical consumption by 9.0% and
gas consumption by 3.8%. On average, it is overpredicting electrical demand by 10.5%. These errors
are within the expected range for a calibrated model.
They could be improved further through further
analysis.

Fig 9: Best point after optimization refinement
DISCUSSION
The process described here is not very time-intensive.
The simulations required for each pass were essentially
carried out overnight. The whole calibration process
(after the model was built) and reporting required a
week of the modelers’ time which included simulation
time, QA and reporting.
It is recommended prior to starting this process, to
have conversations with the building owners, operators
and the design team to get an idea about the major
design challenges and changes that the project is
attempting. This will give the modeler an
understanding of the parameters that would most likely
affect the building energy performance. Some of the
papers that have applied such processes to do a
sensitivity analysis of few hundred parameters to
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narrow down the list. While such processes might be
possible in academia, they may prove to be very timeintensive and inconclusive in a practical setup.
For this process, the utility bills, the sequence of
operations and the design documents provided most of
the clues for the first pass parameters. The initial
parameters chosen were a direct result of reviewing
these documents and conversations with the design
team. The process highlighted how much worse the
insulation or air-tightness must be than was expected
from the design values. It also highlighted that
something must be wrong with the ground source heat
pump operation. This can provide impetus for the
client to investigate these issues, and can point to
specific things that might be causing the problem,
potentially making an on-site audit more informative
and/or faster. This benefit is in addition to the initial
purpose of providing a design baseline model that
matches utility data reasonably well – and the
optimization-approach does this faster and better as
well.

CONCLUSION
Optimization based calibration can be useful for
calibrating models for existing buldings where some of
the relevant inputs are largely unknown. It is a process
that can be cost-effective and does not have to be
difficult or time consuming.
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