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ABSTRACT

Recently, Building Information Modeling (BIM)-
based energy performance simulations have
progressed significantly to yield quick energy
prediction. However, simulation models must reflect
the probabilistic nature of real world situations to
make more significant contribution towards rational
design decisions. In this study, pros and cons of two
different approaches (deterministic and stochastic)
are addressed briefly. Then, this paper presents an
automatic stochastic simulation approach using the
MATLAB Graphical User Interface (GUI) platform.
Our prototype self-activating Monte Carlo simulation
program, consisting of three steps (pre-processing,
simulation, and post-processing), has the potential to
enhance convenience for users.

INTRODUCTION

Due to the recent growth in concern for energy
savings in buildings, there has been high demand for
the integration of physical and performance attributes
to predict and analyze building performance
indicators such as energy use, thermal comfort, and
indoor air quality in simulation models that are used
during the building design phase. In particular, the
development of building performance simulation
tools that yield both quantified and qualitative
information based on Dbuilding performance
simulation has progressed.

An increasing amount of attention has been given to
BIM-based energy performance assessment during
the building design stage. In such assessments, it is
important for different simulation models to be
interoperable, to propose an objective, and
transparent simulation results for decision makers
(DMs). To predict the dynamic behaviors of various
components, simulationists will be needed to analyze
simulation applications for many input components,
including geometric, thermophysical, optical,
aerodynamic, and scenario properties. Therefore,
simulation tools should be considered to be
progressive for the following reasons: (1) the
dissipation of overtly mentioned data in drawings or
specifications, (2) the inheritance of probabilistic
properties (e.g., the occupant’s schedule), and (3) the
existence of many unknown variables. However,
shared data models (IFC, gbXML) are problematic
when seamless connections of structured information

are required, and these problems cause uncertainty
during the process of energy performance assessment.
In other words, quality assurance (QA) deteriorates
for building performance simulations and the
accuracy, transparency, lucidity, reproducibility,
reliability, usability, and objectivity of performance
assessment results are considerably reduced.
BIM-based energy performance assessments are
numerical assumptions that are limited by complex
physical environments, the subjective judgements of
simulationists, and unknown variables inherited from
simulation models. To address these issues, each
simulation model must be appropriately described by
probabilistic distributions of uncertain input variables
(de Wit, 2001; Macdonald, 2002; Hyun et al, 2008;
Wouters et al, 2008). The objective of this paper is to
analyze uncertainty that arises due to data exchanges
between designers and simulationists running
simulations, and to propose solutions for energy
performance assessment during the building design
stage. The input variables in this work are both
explicit and unknown. Unlike unknown variables that
are inherited from simulation models, explicit
variables are deterministic and decided by the DM.
The software applications used in this work for
computer-based design and performance simulations
are Revit Architecture 2010, ECOTECT 2010, and
EnergyPlus 6.0. Revit Architecture is employed for
the 3D geometry and gbXML file format, while
ECOTECT is used to convert gbXML into an IDF
format. EnergyPlus is a modular simulation tool
utilized for the prediction and control of energy
performance. For manageable uncertainty analysis, a
self-activating Monte-Carlo simulation program was
developed in the MATLAB Graphical User Interface
(GUI) platform. Four alternative glazing designs
were used to compare the deterministic and
probabilistic approaches in terms of energy savings.
These comparisons were used to assess the
robustness of the probabilistic approach.

INTEROPERABILITY AND
UNCERTAINY ANALYSIS

Interoperability

When performance simulation tools such as
EnergyPlus, TRNSYS, ESP-r, and CFD are applied
during the building design stage, BIM can be used to
create seamless connections between information
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derived from the decisions of domain experts. BIM
enables information sharing via the building product
model. Building performance simulations reduce
time and costs due to the interoperability of the
shared data model. The need for establishing
seamless connections between designers (who may
lack the skills to wunderstand thermophysical
properties and the simulation model) and
simulationists (who may not comprehend space
design) has been demonstrated in previous studies
(Clarke, 2001; de Wilde & van der Voorden, 2003;
Morbitzer, 2003; Soebarto, 2005). Building
performance simulations help illustrate the important
communication roles of complex interactions during
the building design stage. Therefore, the main
objective of BIM is to exchange valuable information
among simulation applications via the shared data
model.

At present, the standard BIM format has been used
for IFC based on EXPRESS-G (IAI, 2006) and
gbXML based on XML (gbXML, 2007). In other
words, interoperable data models may be easily
connected and relevant information domains can be
saved using shared data models consisting of
previously defined logical data structure and
input/output interfaces of building simulation models.

BIM is composed of a data schema and interacts with
information models composed in other formats via an
input/output interface. Interoperability is necessary to
connect and procure a rich model in the building
design phase. A previously structured sub schema
suited to information in each of the building
simulation models is needed due to the fact that the
entire data schema is not used. A COMBINE project
is a typical process-driven data exchange model that
follows a set of rules (Augenbroe, 1995). However,
the COMBINE project is limited in that it does not
include data connections for the floating design
process. To overcome this limitation, Augenbroe &
de Wilde (2003) proposed integrated modules based
on a Design Analysis Integration (DAI) prototype
and Analysis Function (AF). They employed a
workbench consisting of four layers (design
information, structured simulation models, analysis
scenario, and software application and tools) in the
design and analysis domain. In addition, Lawrence
Berkeley National Laboratory (LBNL) proposed
middleware to utilize a schema that is a relevant
input database of EnergyPlus on the IFC, but not
applied in the DAI prototype (Bazjanac, 2003). There
is a method of converting IFC to an IDF utility that
involves an IDF Generator and an IFC HVAC
interface (Maile et al, 2007).

Interoperability is an integral part of BIM in terms of
time and cost. However, it should be noted that a
BIM-based energy performance assessment must
provide meaningful information to the DM. In other
words, even if a seamless connection is accomplished,
domain experts may not provide meaningful and
reliable information to the DM and an alternative

optimal design may not be determined due to
uncertain variables inherited in the building product
model or an energy performance simulation.
Therefore, instead of a deterministic approach, a
probabilistic  approach using sensitivity and
uncertainty analysis is required in the design process.

Uncertainty Analysis

Uncertainty analysis is one of the most important
issues in building simulations. It has been
consistently defined and utilized since the 1970s. In
the deterministic approach, a simulation is executed
using a default value or average value based on
experimental results, namely one definitive value.
For example, an occupant’s behavior may be an
important uncertain variable, but some domain
experts will apply the results of previous studies and
the average value of data measured over a prescribed
space and time. In the stochastic approach, a series of
simulations is executed using the probabilistic nature
of the input variables. Consequently, the DM will be
able to acquire significant and reliable results.

Uncertainty analysis requires the selection of
plausible ranges, probabilistic distributions, and
sampling methods for uncertain input variables. As
noted in a previous study (de Wit & Augenbroe,
2002), the selection and probabilistic distribution of
uncertain input variables is one of the most important
parts of uncertainty analysis. It is necessary to apply
a screening method that analyzes the order of
priorities regarding the input and output variables.
Due to insufficient information, all uncertain input
variables were assumed to have normal distributions,
to be independent of each other, and were interpreted
with a central 95% confidence interval (de Wit,
2001). The sampling technique may take many forms
(Quasi-Random, Latin Hypercube Sampling [LHS],
and Random), but no dominant method has emerged
thus far (Saltelli et al, 2000). In this work, a method
proposed in a previous study (de Wit, 2001; de Wit &
Augenbroe, 2002; Hyun et al, 2008; Kim et al, 2009)
was employed without modification. The applied
uncertainty analysis is detailed in a later section.

MONTE CARLO SIMULATION
Energy analysis model using BIM

Communication among domain experts continuously
progresses to produce meaningful performance
assessments for various designs and systems during
building design. Revit Architecture, which supports a
standard schema based on gbXML, was employed in
this study. A post office that was still in the
conceptual design phase (floor area: 978.27 nr’,
Figure 1) was selected for examination and the
following tasks were performed: (1) 3D object-based
parametric modeling, (2) determination of property
information, and (3) establishment of a seamless
connection using interoperability (gbXML — IDF).
The information (physical properties, structure,
materials, and zoning) input into Revit Architecture
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and the boundaries of the input variables for the
energy performance simulation are shown in Table 1.
Such information was determined based on
communication among domain experts. In particular,
the schedules of operation like those presented in
table 1 were deemed '"certain" because of the
difficulty in considering them "uncertain".

In this study, EnergyPlus was selected as the
simulation tool for dynamic energy performance
assessment. Through the export function of Revit
Architecture, gbXML files were generated. These
files were then imported into ECOTECT. The export
function of ECOTECT was ultimately used to
generate an IDF file in EnergyPlus (Figure 2).
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Table 1
The conditions for the energy analysis
INPUT VARIABLES DESCRIPTION
Weather file Incheon (*epw)

. . . Heating design day: January 7
Simulation period Cooling design day: July 1
Number of people Maxnn_um number of People

according to each zoning
00:00-09:00 : 0%
People 09:00-18:00 : 100%

18:00-24:00 : 0%
00:00-09:00 : 0%
09:00-18:00 : 100%
18:00-24:00 : 0%
00:00-09:00 : 0%
09:00-18:00 : 100%
18:00-24:00 : 0%

Schedule | Lighting

Equipment

HVAC system Ideal Load Air System

Thermostat Heating Setpoint : 20 T

control type Cooling Setpoint : 26 T
Heating energy use (kWh/day)

Output variables Cooling energy use (kWh/day)

Total energy use (kWh/day)

Sl e T2 s, I it ST peecie: o

(b) Revit Architecture 2010 3D model

Figure 1 Floor plan and BIM model
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(b) EnergyPlus 6.0 model (Sketchup-Openstudio)

Figure 2 Energy analysis model using
interoperability
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The aforementioned data exchange scenarios arise to
the absence of the following data:

*  Physical properties: For the energy performance
simulation, the building’s physical information
is inputted into the Revit Architecture to
establish a seamless connection between
simulation applications. However, due to the
physical information regarding the roof defined
in the Revit Architecture, ECOTECT had
difficulties recognizing the ceiling.

*  Material properties: Mixed structures (walls,
floors, ceilings, and windows) compose of many
materials with various properties. In this study,
information relevant to each structured layer
may be input, but information was randomly
exchanged with the defined structures in
ECOTECT.

*  Inputs for EnergyPlus: The gbXML files were
exchanged for IDF files using the export
function of ECOTECT. The ouput interface
consists of (1) the general inputs for EnergyPlus
(general settings: EnergyPlus versions, solar
algorithm, warmup day, simulation period,
materials, schedule, and thermal zoning), (2) the
detailed inputs for EnergyPlus (advanced
settings:  timestep, and  indoor/outdoor
convection algorithm), (3) thermal zoning, and
(4) output variables. In addition to the
aforementioned input conditions, HVAC system
information, internal heat gains, and indoor
thermostat settings are required to complete the
EnergyPlus inputs.

To address these problems, specialized agents must
participate in file conversion and revise missing and
faulty input data using the IDF editor of EnergyPlus.

Design alternatives for fenestration

In this study, four alternative glazing system designs
were compared. The goal in the design of the glazing
system is to select optimal double glazing (exterior
window (6 mm) + air space (13 mm) + interior
window (6 mm)) to minimize heating, cooling, and
total energy use. The design alternatives for
fenestration are shown in Table 2, and four IDF files
were generated in EnergyPlus.

Table 2
The design alternatives for fenestration

Uncertain input variables

The uncertain input variables selected in this study
are shown in Table 3 (ASHRAE, 2009; Hopfe, 2009;
Macdonald and Strachan, 2001; Macdonald, 2002).
Also included in Table 3 are the plausible ranges
(mean, standard deviation) of the variables.

Table 3
Uncertain variables and their means and standard
deviations
UNKOWN VARIABLES MEAN | STDEV
Internal gains (W/m?) 15 24
People
Fraction convection (%) | 52 +10%
Internal gains (W/m?) 20 32
Equipment - )
Fraction convection (%) | 70 +10%
Internal gains (W/m?) 15 24
Lighting
Fraction convection (%) | 42 +10%
Solar transmittance 0.143 0.097
Front side reflectance 0.174 0.075
R?ﬂectlve Back side reflectance 0.409 0.051
window
6 Front side emissivity 0.840 0.084
mm
Back side emissivity 0.532 0.121
Conductivity (W/m-K) 1.294 0.690
Solar transmittance 0.413 0.143
Front side reflectance 0.176 0.089
L(.)w—e Back side reflectance 0.313 0.119
window - —
6mm Front side emissivity 0.840 0.084
Back side emissivity 0.065 0.040
Conductivity (W/m-K) 1.294 0.690
Density (kg/m®) 2545 323
Stone Specific heat (J/kg-K) 1359 615
Conductivity (W/m-K) 0.191 0.150
Density (kg/m®) 84 59
Insulation Specific heat (J/kg-K) 796 153
Conductivity(W/m-K) 0.054 0.022
Density (kg/m®) 1428 376
Concrete Specific heat (J/kg-K) 842 90
Conductivity (W/m-K) 0.718 0.324
Density (kg/m®) 1782 145
Mortar Specific heat (J/kg-K) 856 91
Conductivity (W/m-K) 0914 0.341
Infiltration | Air Changes/Hour 0.5 0.17
Temperature (C) 22.2 2.53
Ground
Reflectance (%) 0.2 +50%

rsions | GEROR | pemon
ALT -1 Reflective window | Reflective window
ALT -2 Reflective window | Low-e window
ALT -3 Low-e window Reflective window
ALT -4 Low-e window Low-e window

The indoor heat gain (people, lighting, equipment in
Table 3), infiltration, and ground temperature and
reflectance are important variables to calculate the
heat transfer characteristics. In particular, infiltration
is an important uncertain input variable that is
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influenced by the climate, terrain coefficient, fluid
mechanism, and the physical properties of the
building. The material properties must not be
analyzed as one value (as proposed in the standard
schema), but rather as a probability distribution. The
selected uncertain variables include (1) information
not included (or not specified) in the building design
document and (2) input variables as probabilistic
values rather than deterministic values. In Table 3, a
normal distribution with a 95% confidence interval
was assumed.

Monte Carlo simulation

For the uncertainty analysis, a sampling method and
simulation must be selected for the probability
distribution of unknown variables. In this study, the
LHS method, which is a Monte Carlo technique and
the results of previous studies (de Wit, 2001; de Wit
and Augenbroe, 2002; Hyun et al, 2008) were used
for uncertainty propagation.

LHS, which was developed by McKay et al (1979), is
a form of stratified sampling. The application of this
technique provides good coverage of the parameter
space when there are relatively few samples
compared to standard brute force random sampling.
For more information, the reader is referred to
research by Wyss and Jorgensen (1998).

SELF-ACTIVATING PROGRAM USING
MONTE CALRO SIMULATION

A Monte Carlo simulation is composed of three steps
(Pre-processing — Simulation — Post-processing),
as shown in Figure 3, which illustrates the general
uncertainty/sensitivity — analysis  procedure. The
process of BIM-based uncertainty analysis proceeds
as follows: (1) selection of plausible ranges for
unknown input variables, (2) sampling of unknown
variables, and (3) self-activating uncertainty and
sensitivity analysis. The BIM-based self-activating
uncertainty program was developed by combining
the self-activating Monte Carlo simulation of the
BIM model with EnergyPlus simulation using the
MATLAB GUI (Figure 4).

[SETE-processing

' m o Post-processing

Latin Hypercube Sampling

of Input parameter B irmuiation Tool BB i
f \

Phys'rcal Parameter } 'e. |
| “CEnergyPlus | o

Design Parameter | i
1l
System Model SRS OutPut Data
y 1

- Ganeration of input files
g M i Sensitivity analysis
i y
¥ |
{

for model :"
- 200 simulation
e
o

i

Figure 3 BIM based Monte Carlo simulation (Hopfe,
2009)
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Figure 4 The self-activating Monte Carlo simulation

*  Pre-processing: In the first step, unknown input
variables and the simulation case must be
selected. The program shows the minimum
simulation case demanded in the LHS method if
users select the number of unknown input
variables. The unknown variables (shown in
Table 3) also yield information corresponding to
the mean and standard deviation; the user can
revise the preferred ranges. After completing the
selection, samples of the unknown input
variables were generated using the ‘LHSNORM
function’ in the MATLAB 7.0 Statistics
Toolbox. A total of 50 simulation cases were
propagated. The number of generated samples
was well above the value of 4k/3 (4k/3 = 44,
where k=33 is the number of parameters)
recommended as a minimum by Iman and
Helton (1985). However, the number of
generated samples can be randomly selected by
users.

e Simulation: In this step, the EnergyPlus
simulation is performed. The process
automatically runs 50 simulations without user
intervention as follows: (1) reading of input files
in EnergyPlus, (2) automatic exchange of input
values according to the above generated samples,
(3) saving of exchanged input files, (4)
automatic simulation runs, and (5) saving of
output files (*csv).

*  Post-processing: After reading the output files,
the program shows a Cumulative Density
Function (CDF), mean and standard deviation
(in display menu bar) using results from the 50
simulation runs (heating, cooling, and total
energy use). The results are saved in the folder
of the executive file.

SIMULATION RESULTS

The CDF, mean, and standard deviation results for
total energy use are shown in Figure 5. Simulationists
can easily perform Monte Carlo simulations using the
self-activating Monte Carlo program (Figures 4 and
5). This study is unique in that samples are
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automatically generated, read, revised, and executed
as an input file in EnergyPlus. In addition, the
program may be easily combined with various
optimal algorithms (gradient-based method, non-
gradient-based method) due to the fact that it runs in
the MATLAB platform.

]
Automatic Uncertainty Analysis Tool

uuuuu

Avg. 911.1064kWhiday
Stedv. 278.9491 kWhiday

S p——— T _—
= B -
(1]

R T Y
Energy Use(kWividay)

Figure 5 The results of the self-activating Monte
Carlo simulation

Using the self-activating program, the deterministic
approach was compared with the probabilistic
approach for four alternative glazing systems, as
shown in Tables 4-9 and Figures 6-8. The
performance metrics were analyzed in terms of
heating, cooling, and total energy use. The
probabilistic approach may vyield different results
following the standard of cumulative probability.
Therefore, two standards (standard [1]: 40% and
under cumulative probability of average energy use,
standard [2]: 80% and under cumulative probability
of average energy use) were selected by the authors
in this study.

e Heating energy use: As shown in Table 4, the
deterministic approach was selected for ALT 4
(458.9 kwh/day), while the probabilistic
approach was selected for ALT 3 (502.8
kWh/day). Different alternatives can be selected
according to the aforementioned two standards
as shown in Table 5 (standard [1]: ALT 2 (289.8
kWh/day), standard [2]: ALT 3 (437.4
kWh/day)).

Table 4
The results for heating energy use (kWh/day)

Table 5

The heating energy use results in terms of cumulative

probability (kwh/day)

STAN | ALTER PROBABILISTIC APPROACH
DARD | NATION | \viN | MAX | AVG | STDEV
ALT1 | 2043 | 4392 | 3430 79.2
Standa | ALT2 | 2111 | 4643 | 289.8 64.4
rd[l] | ALT3 | 2125 | 4435 | 3248 66.4
ALT4 | 1576 | 4560 | 3232 102.0
ALT1 | 2043 | 8017 | 4897 184.9
Standa | ALT2 | 2111 | 8541 | 458.2 193.3
2] | ALT3 | 2125 | 6649 | 4374 130.9
ALT4 | 1576 | 8322 | 4981 2078
00~ - - - e

standalfd [2] :
|

o
o

(o2}
o

I
o

Cumulative Probability(%)

N
o

b e —an L | 1
Gb' 200 400 600 800 1000
Heating Energy Use (kWh/day)

1200
Figure 6 A comparison of heating energy use

e Cooling energy use: As shown in Table 6 and
Figure 7, the deterministic approach was
selected for ALT 1 (336.1 kWh/day), while the
probabilistic approach was chosen for ALT 3
(330.3 kWh/day). Following the standard of
cumulative probability, standard [1] was
selected for ALT 3 (285.4 kWh/day) and
standard [2] was selected for ALT 3 (313.4
kWh/day), as shown in Table 7.

Table 6
The results for cooling energy use (kWh/day)

ALT E;/Ille\ﬁsR PROBABILISTIC APPROACH ALT ?lelT\lElsR PROBABILISTIC APPROACH
ERN ERN
ATIO AFTFI,EO MIN MAX | AVG | STDEV ATIO A,IFI,;O MIN MAX | AVG | STDEV
N ACH N ACH
ALTL | 5419 | 2043 | 999.8 570.2 | 2347 ALTL | 3361 | 2547 | 4426 | 3364 | 522
ALT2 | 5203 | 2111 | 10129 | 5558 | 2629 ALT2 | 3460 | 2864 | 837.8 | 3853 | 1119
ALT3 | 499.9 | 2125 | 8746 5028 | 1795 ALT3 | 4367 | 2485 | 4386 | 3303 | 480
ALT4 | 4589 | 157.6 | 13460 | 6165 | 3135 ALT4 | 5030 | 2195 | 5626 | 3918 | 100.3
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Table 7
The cooling energy use results in terms of cumulative
probability (kWh/day)

Table 9
The total energy use results in terms of cumulative
probability (kWh/day)

STAN | ALTER PROBABILISTIC APPROACH STAN | ALTER PROBABILISTIC APPROACH
DARD | NATION | MiN | MAX | AVG | STDEV DARD | NATION | miN MAX AVG | STDEV
ALT1 | 2547 | 3130 | 289.0 19.1 ALT1 4982 | 7485 6572 | 93.3
Standa | ALT2 | 2864 | 3362 | 300.4 15.2 Standa | ALT2 5231 | 907.0 6426 | 114.0
rd[l] | ALT3 | 2485 | 3112 | 2854 207 rd[l] | ALT3 5817 | 762.8 6406 | 46.1
ALT4 | 2195 | 3618 | 28638 44.0 ALT 4 4751 | 7615 6314 | 96.1
ALT1 | 2547 | 3838 | 3159 34.4 ALT1 4982 | 12258 8123 | 19838
Standa | ALT2 | 2864 | 4079 | 3418 37.4 Standa | ALT2 5231 | 1168.0 8441 | 2293
rd[2] | ALT3 | 2485 | 3769 | 3134 36.1 2] | ALT3 5817 | 974.8 7697 | 139.3
ALT4 | 2195 | 4900 | 3593 84.0 ALT 4 4751 | 12905 8811 | 272.9

100 ------—~"—------3
standard [2]
S 80F=- -
= |
= |
I . -4
g standard [1]
R I— SV
= y
=]
£
3 20F------
oot
G(f 200

Figure 7 A comparison of cooling energy use

e Total energy use: As shown in Table 8 and
Figure 8, the deterministic approach was
selected for ALT 2 (866.3 kWh/day), while the
probabilistic approach was selected for ALT 3
(833.2 kWh/day). Following the standard of
cumulative probability, standard [1] was
selected for ALT 4 (631.4 kWh/day) and
standard [2] was selected for ALT 3 (769.7
kWh/day), as shown in Table 9.

Table 8
The results for total energy use (kWh/day)

ALT | DETER PROBABILISTIC APPROACH
s

ATIO | \ppro | MIN MAX | AVG | STDEV
N ACH

ALT1 878.0 498.2 1381.3 906.6 261.1

ALT2 866.3 523.1 1413.6 941.1 284.1

ALT3 936.6 581.7 12121 833.2 183.4

ALT4 961.9 475.1 1644.0 1008.3 356.7

100- - - - - - R g
standari [2]
2 sop---mb
=) |
= |
S 60F----- e
§ standar‘d [1]
2 40-——---}—-—-—
= |
(&) 200 -~ o tf
|
k- .,
0 300 600 900

0
Total Energy Use (KWh/day)

Figure 8 A comparison of total energy use

CONCLUSION AND FUTURE WORK

In this study, the exchange of information between
design and simulation models was examined and a
self-activating uncertainty analysis was performed
for a BIM-based energy performance assessment.

To establish a seamless connection between the
applications of the simulation tools (Revit
Architecture, ECOTECT, and EnergyPlus), gbXML
based on XML was employed. In addition, a self-
activating uncertainty analysis, developed by the
BIM-based self-activating uncertainty program, was
used to assess the performance of four alternative
glazing systems.

The deterministic approach yielded one result, while
the probabilistic approach showed different results
following the standard of cumulative probability. In
other words, uncertain input variables have a decisive
effect on building energy assessment. As such, the
simulationists must carefully select uncertain input
variables.

For a rigid building performance assessment based
on BIM, domain experts should address
interoperability as well as uncertainty analysis.
Future work will include web-based self-activating
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Monte Carlo program: Through further study, a self-
activating Monte Carlo program will build a friendly
tool that performs in a web browser.
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