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ABSTRACT
Model-based optimizations usually neglect the fact that

building parameters cannot be estimated with high ac-
curacy. The highly nonlinear characteristics of building
energy systems (e.g., on-off control and capacity limita-
tions) makes it harder to quantify the impact of uncer-
tainty of model parameters. In addition, buildings are not
stationary as equipment ages and utilization changes over
time, requiring adjustment of previously found optimal
solutions. A methodology has been developed to over-
come these shortcomings and is illustrated using a sim-
ple example: a building using a solar thermal collector
for heating and domestic hot water. The approach entails
Monte Carlo sampling from the uncertain domain, with
an embedded optimization routine. Conditional probabil-
ity density functions (e.g., energy consumption and de-
mand) quantify the difference between base case and op-
timal scenarios in the presence of uncertainty.

INTRODUCTION
A model-based approach for designing, refining, and

optimizing building energy systems is becoming the stan-
dard in modern building design, retrofits, and to support
commissioning efforts. However, the influence of uncer-
tainty in model parameters and disturbance variables is
rarely considered when searching for optimal solutions.
This will lead to a disparity (model mismatch) between
the calculated optimal solution and measured results. The
applicability of such model-based optimization is obvi-
ously limited by the accuracy of any assumption, and there
are many of these in building simulations. This paper
presents research toward the goal of optimizing building
performance in the face of uncertainty in the model pa-
rameters defining a simulation to be optimized.

Focus here is placed on a methodology to alleviate con-
cerns associated with the validity of a derived optimal so-
lution when modeling uncertainties are present. The ap-
plicability of the methodology in buildings is potentially
significant, given a growing concern for energy efficiency,
utility costs, and indoor environmental quality. However,
due to the complexity of modeling buildings, the relative
impact of an uncertain parameter on the overall simula-

tion outcome needs to be assessed and ranked, either by
energy modeler or a sensitivity analysis.

A simple example building using a solar thermal col-
lector for heating and domestic hot water illustrates the
approach and how it can be used to estimate savings from
model-based optimization. A Monte Carlo (MC) sam-
pling routine is used to explore the uncertain domain,
while an embedded optimization routine provides the en-
ergy or cost minimal solution conditional on the MC sam-
ple. The building used to demonstrate the methodology
is occupant-driven, and therefore the uncertainty is asso-
ciated with parameters dealing with infiltration air change
rates and domestic hot water mass flow rates. In the exam-
ple, the optimized parameter is the slope of the collector
to achieve maximum annual energy savings.

LITERATURE REVIEW
Work on the combination of stochastic models with

optimization is rare in the building sector. Many of
the problems addressed in (Jiang, Reddy, and Gurian.
2007) are more general in nature. Although the optimiza-
tion process itself is not treated in a stochastic manner,
a formal decision analysis model is used to incorporate
risk-management in decision making. Xu et al. (2005)
combine the optimization with stochastic modeling via
stochastic dynamic programming. However, their formu-
lation of the stochastic model is very problem specific.
Our aim here is to link well established techniques in
the building sector to be easily available (e.g., modeling
with general building simulation software, Monte Carlo
methods and optimization). Henze (2003) also describes
a combination of optimization in the face of uncertainty
but the methods used there mainly deal with uncertainty
in externally predicted (future expected) values and the
distributions of the stochastic variables are not further in-
corporated into the optimization and no result distribu-
tions are reported on the results. The two techniques of
stochastic models and optimization taken individually are
well known in the building sector.

One of the first optimization studies applied to build-
ings (Bloomfield and Fisk 1977) examined intermittent
heating (i.e., optimal start and stop times with considera-
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tion of thermal inertia) and compared the solutions to ex-
isting strategies. More recent studies have explored cool-
ing season optimization and used the thermal inertia effect
to reduce energy costs and peak demand, while maintain-
ing adequate environmental comfort (Braun 1990). Fo-
cus has also been placed on the predictive optimal con-
troller (Henze, Dodier, and Krarti 1996) used to manage
a dedicated thermal energy system (e.g., ice storage) to
optimally respond to dynamic changes in weather other
forcing functions over some finite horizon. Optimization
studies of building subsystems are more prevalent, with
focus on primary equipment like chillers (Braun 1992),
boilers (Taplin 1998), and air handling units (Seem, Park,
and House 1999). On a larger scale, optimization of dis-
trict energy systems has been investigated as well (Chen
et al. 2007).

Uncertainty analysis in buildings is rare, but it has been
examined both in terms of internal and external proba-
bilistic approaches to quantifying the overall effect of pa-
rameter uncertainty in building simulations (Macdonald
2002). Attention has also been focused on how building-
external stochastic processes (e.g., meteorological events)
influence building thermal processes (Jiang and Hong
1993), or how building-internal process knowledge (e.g.,
occupancy patterns ) can lead to improved building opera-
tion. A study of the general problem of inference in build-
ings (Dodier 1999) showed how prediction, diagnosis, and
calculating the value of information could be applied and
verified.

BUILDING CASE STUDY
The demonstration building shown in Figure 1 and lo-

cated near Leipzig, Germany was modeled, simulated,
and optimized according to the methodology. The build-
ing is an office that is heated by a gas boiler. A great
deal of high-quality measurements were available for this
building. Therefore, model calibration efforts, both in
terms of measured heating energy and room temperature
time series data, were shown to have good agreement with
simulation data from a base case model (Burhenne and Ja-
cob 2008). It is assumed that the building is occupied by
12 people and equipped with a 19 m2 flat plate solar col-
lector and 1000 L storage tank. This model provided a
great testbed for a model-based study to evaluate the fea-
sibility of a solar thermal collector and its optimization
under uncertain conditions.

Building Modeling and Simulation
For reduced computation time, it is preferable to have

an appropriately simple model for this numerically expen-
sive simulation task. It is often the case that complex
models with high parameter dimensionality do not per-
form any better than models with only a few parameters
(Déqué, Ollivier, and Poblador 2000). The chosen model

Figure 1: Example office building located near Leipzig,
Germany.

is described in more detail in (Burhenne and Jacob 2008)
and (ISO 13790 2007). The object-oriented and equation-
based modeling language Modelica (Elmqvist 1997) was
used to describe the system.
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Figure 2: ISO 13790 zone model.

A simple zone model, called the “Simple Hourly
Method” (SHM) according to standard ISO 13790 (2007),
is implemented in the simulation model. The model is
based on a network of five resistors and one capacitor, as
shown in Figure 2. The solar collector model is based on
Isakson and Eriksson (1993) designed to overcome some
shortcomings of previous models with regard to the tran-
sition to stagnation (no flow) conditions. The model has
a strictly continuous transition from flow to no-flow con-
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ditions which is crucial for numerical stability, especially
in equation-based environments. For the tank, a very sim-
ple one resistor, one capacitor (1R1C) model is used. The
boiler is modeled to keep the tank temperature at a min-
imum of 60◦C as long as the maximum capacity of the
boiler is sufficient. The collector circuit contains an on/off
controller, which turns on the collector pump when the
collector temperature is 8 K above the tank temperature
and turns it off at 2 K above tank temperature. The domes-
tic hot water flow rates were generated from IEA-SHC,
Task 26: Solar Combisystems Jordan and Vajen (2003)
in the Solar Heating and Cooling Program of the Interna-
tional Energy Agency, and are relayed to the simulation
engine accordingly. Each simulation is executed for one
year at fixed time steps of 60 seconds with a Runge-Kutta
integration method. Weather data from a weather station
30 km from the building site was used.

METHODOLOGY
As a first step, the most relevant energy and/or cost in-

fluences need to be identified. Sensitivity analyses can be
used to aid in selection of the pertinent parameters and/or
variables (Saltelli, Chan, and Scott 2000). In the case
study building, due to its relative simplicity and the copi-
ous amount of measured data indicating occupant-driven
energy and cost concerns, the uncertainty in the infiltra-
tion air change rate and the domestic hot water consump-
tion were selected for investigation; as the single opti-
mization parameter, the slope of the solar collector was
chosen. These specifications were used to develop the
general methodology that can be applied to any model-
based building optimization in the face of uncertainty.

There are two basic elements of the approach as illus-
trated in Figure 3. First, a Monte Carlo (MC) sampling
routine is used to explore the domain of all uncertain pa-
rameters and/or variables under investigation (in the ex-
ample case, the mass flow rate of the domestic hot water:
ṁ and the air change rate: ACH), indicated by the outer
shaded region. Second, conditional on the MC sample,
an optimization routine minimizes the objective function
(e.g., energy or cost) for each MC sample. This is the iter-
ative, embedded optimization and indicated by the inner
shaded region of Figure 3. To calculate the objective func-
tion value (in the given case, the annual heating energy
consumption), the building simulation is executed. At the
end of the Monte Carlo process, a conditional probability
density function of the result is obtained, for both the base
case and the optimized case. The expected value from this
posterior distribution of the optimization parameter is re-
garded as an overall reliable measure of the optimal value
in the face of uncertainty. The determination of the poste-
rior distribution for the base case is identical except for the
fact that the design parameter is held at its default value
and not optimized.

A variety of questions specific to the problem under
consideration, can be answered by comparing MC results
from the base case scenario for the design parameter and
the optimal value found for this design parameter with the
method outlined in Figure 3. This procedure is illustrated
in Figure 4 for the calculation of the expected energy sav-
ings.

The methods shown in Figure 3 and 4 are implemented
in a scripting language (R development core team 2008).
It should be noted that prior distributions (probability den-
sity functions) for the uncertain parameters and/or vari-
ables must be specified. The whole procedure can easily
be extended to include more uncertain parameters and/or
various optimizations.

Monte Carlo Sample

Building 
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Optimization
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…

…

Figure 3: Flow chart of the optimization method.

The Monte Carlo Method
A Monte Carlo analysis consists of the following steps

to randomly sample the modeling domain (Saltelli, Chan,
and Scott 2000):

1. Selection of the probability density function (pdf) for
each uncertain input (Xi).

2. Generation of a sample from each pdf.

3. Simulating the model for each element of the sample.

4. Analysis of the results.
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Figure 4: Flow chart for the determination of the expected
energy savings from simultaneous optimization (right)
and default design value MC simulations.

In the first step of the study, the mass flow rate of the
domestic hot water (ṁ) and the infiltration air change rate
(ACH) are chosen for the uncertainty investigation. More
parameters and variables could have been considered as
uncertain. However, in the case under investigation the
annual energy consumption of the gas boiler is very sensi-
tive to the domestic hot water flow rate and the air change
rate. Furthermore, both variables are driven by occupant
behavior which is very uncertain and difficult to measure.
In a second step, the generation functions for normal and
lognormal distribution (R development core team 2008)
produce the MC samples. The domestic hot water flow
rate calculated according IEA-SHC, Task 26: Solar Com-
bisystems Jordan and Vajen (2003) is scaled by a factor
which represents the uncertainty. For this factor a nor-
mal distribution seemed adequate since the value can be
lower or higher than the schedule value and both cases
have the same probability. That is not the case for the
air change rate because it is determined by the window
openings. The value can never be less than zero and very
high air flow rates may occur (e.g., when many windows
are open and cross ventilation occurs). This fact makes
the log-normal distribution appropriate which was also
proposed by Macdonald (Macdonald 2002). The magni-
tudes of both distributions are assumptions and could be

changed according to prior knowledge of the design ques-
tion. The sampling functions use the default algorithm
for generation of equidistributed uniform pseudo-random
numbers from (Matsumoto and Nishimura 1998) with the
inversion of the normal and log-normal distribution shown
in Equations 1 and 2.

Table 1: Distribution parameters.

Uncertain Parameter µ σ Distribution

ṁ 1.0 0.20 normal

ACH 1.0 0.19 log-normal
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1

σ
√

2π
exp

(
−1

2

(
x−µ

σ
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)
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√
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In the third step, the optimization described in the next
section and the building simulation model previously de-
scribed were utilized. In the fourth step, the distribution
of the optimization parameter, the slope of the collec-
tor, is the result of the Monte Carlo simulation. The ex-
pected value of this distribution is considered to be the op-
timal value, following the calculation of Equation 3. This
equates to the mean of optimized values of the slope of
the collector.

E(X) = ∑xi

N
= X̄ (3)

Optimization Method
For this proof-of-concept study, a one-dimensional op-

timization problem was chosen since this is computation-
ally inexpensive. The optimization parameter, the slope
of the solar collector, is limited to [0◦, 90◦]. As the ob-
jective function the annual energy supplied by the boiler
was chosen, it is expected to be convex. The standard
one-dimensional line search optimization algorithm (R
development core team 2008) was implemented into the
method shown in Figure 3. The algorithm uses a combi-
nation of golden section search and successive parabolic
interpolation; convergence is never much slower than that
for a Fibonacci search (Brent 1973).

RESULTS
Monte Carlo Simulations

The MC routine continuously sampled from the prior
distributions until the final results converged. The prior
distribution of the MC sampled occupant behavior param-
eters are shown in Figures 5 and 6.



SimBuild
2010

Fourth National Conference of IBPSA-USA
New York City, New York

August 11 – 13, 2010

122

ACH

D
en

si
ty

0.6 0.8 1.0 1.2 1.4 1.6 1.8

0.
0

1.
0

2.
0 1.0 [−] (scale factor)

Figure 5: Distribution of the infiltration ACH scaling pa-
rameter. Log-normal distribution with µ=1.0 and σ=0.19
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Figure 6: Distribution of the ṁ scaling parameter. Nor-
mal distribution with µ=1.0 and σ=0.20.

Simulations Results
Figure 7 illustrates the base case annual energy con-

sumption of the boiler with the slope of the collector at its
default value of 20◦(slope of the roof); showing a mean
consumption of 26.0 MWh/a ±8%.

The occupants’ influence on the energy delivered by the
collector system in the unoptimized base case is consider-
ably smaller than on the boiler energy (see Figure 8). As
expected, the annual intensity of 311 kWh/(m2a) ±2.5%
for the energy delivered by the collector system is rather
small. This is due to the fact that a fully mixed tank model
was employed, which is always kept at 60◦C, so the (flat-
plate) collector is running at unfavorable high temperature
conditions.

Optimization Results
For each MC sample, the optimization algorithm

searches the optimal slope (optimization parameter) for
which the annual energy consumption of the boiler is min-
imized (Figure 9). According to Equation (3) the mean
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Figure 7: Distribution of the objective function: the an-
nual energy consumption of the boiler.
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Figure 8: Distribution of the annual energy delivered by
the collector system to the tank.

value of this distribution is the overall optimal slope set-
ting. This distribution is rather narrow around the mean
value of 42.8◦± 3%. This seems to be caused by the rel-
atively small influence of the uncertain parameters on the
delivered energy of the collector.
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Figure 9: Distribution of optimal solar collector slope.
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Figure 10 shows the objective function values (annual
energy consumption of the boiler) for each element of the
MC sample after the optimization. In this example, energy
savings of approximately 1.6% could be realized.
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Figure 10: Distribution of the optimized annual energy
consumption of the boiler.

Optimal parameter value energy savings

The distribution of the optimal collector slope values
is narrow, lending good faith in the robustness of the ex-
pectation of the optimal collector (Equation (3)) slope of
42.8◦. The mean difference in the objective function is
only 896 Wh/a higher which is a relative deviation of the
order of 10−5. Also the distribution of the objective func-
tion is almost identical as shown in Figure 11.
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Figure 11: Distribution of the annual energy consumption
of the boiler for the expectation of 42.8◦of the optimal col-
lector slope.

From Figure 12, a savings potential of 0.31 MWh/a
±3% by optimizing the slope of the collector can be ex-
pected.
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Figure 12: Distribution of the energy savings potential for
the expectation of 42.8◦of the optimal collector slope.

CONCLUSION
This study presents a methodology for optimizing

building energy simulation models in the face of uncer-
tainty. It is applied to a simple example of a building
with a solar thermal collector system. This simple case
was selected because it is well behaved and doesn’t show
strong signs of non-linearity. In this situation there should
be no differences between the classical approach (non-
stochastic, always calculating with the mean values) and
the stochastic approach. And this is true for the exam-
ple. Future applications in the building sector with greater
complexity might be less well behaved and these cases ex-
plicit stochastic methods are much more appropriate then
classical approaches. The methods developed here are in-
tended for this situation and it is planned to apply them
as soon as possible to more challenging situations. How-
ever, the presented analysis is meant to serve as a valida-
tion of the overall approach. The coupled application of
Monte Carlo analysis and optimization is new to the build-
ing sciences field and merits further investigation. Exam-
ples with a higher impact of the uncertain parameters on
the optimization parameters and less well behaved need to
be investigated.

Due to legislative changes and social awareness, the
design and construction of low-energy buildings is in-
creasing. In low-energy buildings, uncertain parameters
(e.g. occupant behavior, internal loads, climate) have
a much higher influence on energy, costs and comfort
than in traditional buildings. As the technical and build-
ing automation system complexity in new buildings in-
creases, the prediction of the influence of uncertain pa-
rameters also tends to become more complex. Therefore
it it will become increasingly important to consider uncer-
tainty when simulating and optimizing low-energy build-
ings. For many practical problems, a larger number of
uncertain parameters and, correspondingly, larger sample
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sizes are expected. The outlined procedure is applicable to
parallel computing techniques to cope with this issue. For
more complicated cases (e.g., multiple optimization pa-
rameters), probably additional numerical issues will have
to be addressed including the avoidance of local minima.

ACKNOWLEDGEMENT
This study was funded by the German Federal Min-

istry of Economics and Technology (BMWi) under the
program EnOB (BMWi 0327410A).

REFERENCES
Bloomfield, D.P., and D.J. Fisk. 1977. “The optimisation

of intermittent heating.” Building and Environment
12 (1): 43–55.

Braun, J.E. 1990. “Reducing Energy Costs and
Peak Electrical Demand Through Optimal Control of
Building Thermal Storage.” ASHRAE Transactions
96 (2): 976–887.

Braun, J.E.. 1992. “Comparison of chiller-priority
storage-priority, and optimal control of an ice-
storage system.” ASHRAE Transactions, no. 1:893–
902.

Brent, Richard. 1973. Algorithms for Minimization with-
out Derivatives. Englewood Cliffs N.J.: Prentice-
Hall.

Burhenne, Sebastian, and Dirk Jacob. 2008. “Simulation
models to optimize the energy consumption of build-
ings.” Proceedings International Conference for En-
hanced Building Operations (ICEBO) 2008, Berlin.

Chen, Q., X. Chen, D. Claridge, D. Turner, and S. Deng.
2007. “Plant optimization program (POP) and its
application in rate model for a large district energy
and combined heat and power system.” Proceedings
Building Simulation 2007, Bejing.
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NOMENCLATURE
ACH air change rate
E(x) expected value of a variable x
MC Monte Carlo
ṁ mass flow rate for domestic hot water
n number of samples
p(x) probability density function of x
pdf probability density function
Q̇sol solar power to zone
Q̇int internal load to zone
Q̇HC heating and cooling power to zone
Tair zone air temperature
Tsup,air air supply temperature
Tamb ambient temperature
Tsur f effective surface temperature
Tth,mass thermal mass temperature


