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ABSTRACT

The delivery of sustainable building projects is a critical aspect of the AEC industry. These projects often face
multiple and even conflicting objectives such as time, cost and environmental impacts. The design of sustainable
buildings involves the selection of a combination of building components and materials that can best meet all
project objectives. However, since these objectives are often conflicting and the number of possible alternatives
can be very large; the selection process may become a real challenge for design and construction professionals.
Thus the development of computer-based modeling and simulation tools to aid in the selection of optimal building
components and materials is desirable. In this paper, the authors discuss the Simulation of Environmental Impacts
of Construction, SimulEICon, a software tool designed to aid design and construction professionals in the
decision-making process of selecting optimal building components and materials. Furthermore, the inclusion of
Monte Carlo simulation to address data uncertainty and availability is also discussed. SimulEICon utilizes
environmental impact data created from ATHENA Impact Estimator for Building and building construction cost
and productivity data obtained from RSMeans. All data are behaviorally represented using probability
distributions and alternatives of building components, and materials are chosen based on the comparable function
of assemblies or materials, construction methods, and available combinations among materials. The selection
process is achieved by using genetic algorithms to obtain a set of optimal solutions based on construction time,
initial construction cost, and environmental impacts (currently represented by CO, emissions). A case study of a
zero-net energy building at the University of North Texas is used to demonstrate the application of the approach.

Keywords: sustainable building designs, multi-objective, planning, simulation of environmental impact of
construction, genetic algorithms, Monte Carlo simulation

1. INTRODUCTION AND LITERATURE REVIEWS

Sustainable building design is a rapidly emerging trend in the architecture, engineering and construction industry
(AEC). The design process has resulted in greater integration of various AEC disciplines during the early design
stages of construction projects. It is recognized that the delivery of sustainable projects is a critical aspect of the
AEC industry. Recently, there has been a significant increase in research related to this topic, mostly focusing on
providing new knowledge, developing standards and improving existing methods and techniques. In the past
decade environmental impacts became a significant objective of construction projects, adding to traditional
objectives such as construction cost and time. The inclusion of sustainability related objectives adds additional
complexities to the design of construction projects.

A building design may have many options for using different materials, crews and equipment including
construction methods that can be combined to meet project objectives. The humber of possible design alternatives
can be very large. Design professionals, construction professionals and decision makers often face the challenge
of selecting optimal building components and solutions in order to appropriately meet multi-objective and
standard requirements. To effectively support decision-making, computer-based technology is desirable.
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Integrated computer-based applications in construction project management has been widely used in the AEC
industry for many decades. This is because building projects often have objectives and goals, which accordingly
requires that computer applications can handle multi-objectives and integrated analysis during design stages. A
number of studies have focused on software use in the design and construction while many software have been
created and developed to satisfy various purposes to facilitate professionals and meet their individual needs as
well. Howard et al. (1989) reported that computers have a major impact in reducing construction fragmentation
between different phases of a project and between design and construction professionals. Computer application
and technologies allow for computer-aided design, construction automation and enhances facility management,
project planning and management techniques in the AEC industry. Using computer-aided design (CAD) allows
optimization and improvement of conventional design processes for architectural and engineering designers.
Moreover, it can introduce opportunities to use other technologies in construction design, such as graphic and non
graphic databases, and artificial intelligence systems. CAD in two-dimension modeling technology was replaced
by three-dimension modeling (Dai 2010). Decision-making can be more productive when information is shared
among decision makers rapidly with the assistance of an analysis program. Shen et al (2010) stated that standards
of data interoperability using current technologies have been developed to assist in sharing data between
participants, for example, the Industry Foundation Class (IFC). More examples include the integration of wireless
censor network for real time data collection, nD modeling, and global optimization techniques.

Computer-based modeling and simulation techniques use information technology to solve problems.
Information is a significant input in the design and construction stage, which is xchanged and shared among
different parties. Building Information Modeling or BIM is a popular computer-based technology focusing on
computer-aided design applications to provide shared information for participants. Recent research show that
there is an increasing adoption of BIM in the AEC industry. For example, Gu and colleagues (2010) discussed
the adoption of BIM in the industry. Azhar et al. (2008) elaborated on benefits and challenges of applying BIM in
the construction industry, as well as the important roles of BIM to the industry.

Currently, there are many computer-based tools that are developed in the AEC industry for aid in sustainable
design. However, there is no tool that can help design and construction professionals to optimize material and
component selections to successfully satisfy multi-objectives at building level (Zhu et al. 2012). Simulation of
Environmental Impacts of Construction (SimulEICon) is a computer-based modeling and simulation tool that is
originally developed to determine relationships between time, cost and environment impacts. Its functionality is
then extended to help design and construction professionals in the selection of building materials and components
during the design phase, in order to find optimal solutions based on multiple project objectives. This paper shows
the abilities of SimulEICon as a simulation-based approach for selecting sustainable building designs. Three
multi-objectives are considered in this paper, including construction time, initial construction cost, and carbon
emissions. SimulEICon can be used to understand relationships and interdependency between those objectives.

To address data uncertainty and availability, Monte Carlo simulation is applied in this study. Moreover, the
selection process applies genetic algorithms to obtain a set of optimal solutions. Combination of genetic
algorithms, such as Non-dominated Sorting Genetic Algorithm-11 (NSGA-II), and Monte Carlo simulation is
applied to many research studies to deal with uncertainties, stochastic problems and nature-based multiple
objectives optimization (e.g., PA et al. 1998; Marseguerra 2002; King et al. 2006). Lastly, SimulEICon is used to
analyze a case study to demonstrate its application. The results from the case study are discussed. Conclusions
and future development of SimulEICon are also presented.

2. SIMULEICON: A SIMULATION-BASED APPROACH FOR SELECTING SUSTAINABLE
BUILDING DESIGNS

2.1 Description

SimulEICon is a decision making support tool, specifically designed to aid construction professionals in selecting
optimum combinations of building components based on three objective parameters: construction time (T), initial
construction cost (C) and environmental impact (EI) measured in CO, emissions. Optimization of the component
selection process is achieved by utilizing the NSGA-II genetic algorithm. Uncertainties that are inherent to

Proceedings of the 30" CIB W78 International Conference - October 9-12, 2013, Beijing, China 488



construction data are modeled using Monte Carlo simulation. SimulEICon is developed in two stages. First it is
developed and tested in MATLAB and afterwards a prototype software is developed as an add-on to Autodesk
Revit Architecture using the C# programming language.

2.2 Database

The SimulEICon database contains data of building components or materials, as well as their average labor unit
cost, material unit cost, and equipment unit cost, productivity, and CO, emissions per unit. CO, emission data are
derived from the ATHENA Impact Estimator for Building program. The CO, emission data may represent
emissions at each stage of a building’s life cycle such as manufacturing, construction, maintenance, and end of
life, and also overall emissions of all stages. Initial unit cost and productivity data are provided by RSMeans
Building Construction Cost Data. Among project activities, the precedence order of building components needs to
be provided in MATLAB. It is used to estimate construction time in the critical path method (CPM) process.
SimulEICon retrieves data from an external database and automatically converts it to MATLAB data format for
processing.

2.3 Monte Carlo Simulation

Monte Carlo simulation is utilized to address data uncertainties and availability. The information from R. S.
Means and ATHENA Impact Estimator for Building represent average values. However, in the real-world
situation, both unit cost and CO- emission can fluctuate. Data uncertainty can impact optimal solutions. Instead
of using mean values to process optimal solutions, all data are modeled behaviorally using probability
distributions. The probability distributions can be developed from historical data and literature reviews. In this
paper, distribution models in existing literature are used as a source to determine suitable probability distributions
for each parameter. Construction cost data can be fitted to various types of probability distributions; triangular
distributions, normal distributions, lognormal distributions, and beta distributions (e.g., Touran and Wiser 1992;
Back et al. 2000; Sonmez 2005). Beta distribution is also well known and applied to show construction time
behavior (e.g., Premachandra 2001; Schexnayder et al. 2005). Thus, in this paper, the beta function is employed
for both construction unit cost and productivity distributions. For CO, emissions parameter, Pena-Mora et al.
(2009) suggested that normal distribution is a suitable function. In one Monte Carlo simulation, SimulEICon
randomly generates cumulative distribution values (0.0-1.0) for all parameters in all components’ options. Hence,
the inverse of those samplings are parameter values corresponding to distribution functions, which are labor unit
cost, material unit cost, equipment unit cost, productivity, and CO, emissions per unit. Those values are used to

calculate total construction cost (Cﬁf?ﬂ'), duration (aﬂ?ﬂ'), and CO; emissions (m*‘?ﬂ') at component level for
different alternatives. The calculations of total construction cost and duration of each component are shown below.
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and alternative m, *: = equipment cost unit of component i and alternative m, %: = quantity of

component i, Pal = productivity of component i and alternative m, %" = alternative of component i and
alternative number m.

2.4 Genetic Algorithms: Non-dominating Sort Genetic Algorithm-11 (NSGA-II)

Difficulties to determine design options are raised in the optimization process at the building level when there are
many possible solutions which satisfy multiple project objectives. The number of possible solutions can be as
large as millions of potential solutions. Non-dominating Sort Genetic Algorithm-11 or NSGA-II is one of the
multi-objective evolutionary algorithms (MOEAS), which is firstly proposed by Srinivas and Deb (1994), and is
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chosen to support the optimization process in this study. NSGA-II can provide results as a set of optimal solutions
for one Monte Carlo simulation based on current three objective functions stated below. Total initial construction
cost (C) and total CO; emission (EI) at the building level can be estimated by adding up all values of building
components together. Construction time (T) is estimated using the critical path method. Decision variables
considered in SimulEICon are alternatives of components which are used in the model as

" =~ Alternative of component i and alternative number mand i=1, 2, 3 -+ &

where k = number of project components.
Three objective functions and constraints for optimization are presented below.
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component i and alternatlve m; ~~= = Early start of component i and alternative m; Lsr = Late start of compo-

nent i and alternative m; = initial construction cost unit of component i and alternative m; “*=" = CO, emis-
sions unit of component i and alternative m.

3. CASE STUDY

SimulEICon was applied to a zero net energy building named the Zero Energy Research Laboratory in order to
demonstrate its application. The building was built at the University of North Texas, providing advantageous
utilities for researchers and students (Gregorski 2012). It has 1,200 square feet space and it offers a wide array of
advanced technologies such as solar panels and a building energy monitoring and control system. In this paper,
the lab has 16 established components or activities. There are 40 assembly design options that can potentially
create over 100,000 possible solutions. Alternatives of building components and materials are chosen based on
the comparable function of assemblies, construction methods, and available combinations among materials. For
instance, all exterior wall construction options represent the same thermal resistance value (R-value). The
example of components, their alternatives and mean values used in this tool is displayed in Microsoft Excel (see
Table 1).

This case study tested two different probability distribution ranges. The first test used a range of 20% lowest
and highest value from the mean value in each of the parameters. For instance, if concrete brick has an average of
$11.52/SF labor unit cost and it uses beta distribution for Monte Carlo simulation, the range of uncertainty is 20%
less than $11.52 as optimistic value and 20% more than $11.52 as pessimistic value to generate the beta function
curve. The second test used 40% instead of 20%. In each test, 20 Monte Carlo simulations were performed.
Figure 1 shows randomly generated output data frequency from 20 simulations in both ranges for material unit
cost of SIP 5.5 inches and labor unit cost of concrete brick selection.
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Table 1: Example of components and their alternatives with data information

Productivity

Quantity Unit Cost ($/unit) " CO; Emissions (kg CO, eq)
Alt Sub-Activity (unit/day)
Components . o " : " End of " Total Equipment
No. Description Unit La- Material Equip- Productivi Manufacturing Construc- Maint. Life Operation Emission CO, Emis-
bor ment ty Impact tion Impact Impact | Impact - 2
mpact Unit sions
1 3000 psi, average 109 ¢y 1325 104 5 150 214.500 13.750 0.000 18211 0.000 246.460 518.689
flyash, pumped
£ 1 Re'”f"f’gl']qﬁ"g"sp'm' 022 tons 630 850 053 21 0.000 0.000 0,000 0.000 0.000 0.000 0.000
= 3000 psi , 25%

X £ 2 Tiyash, pumped 109 cy 13.25 104 5 150 197.421 13.750 0.000 18.211 0.000 229.381 518.689
‘é 2 Re'”f"f’gl']’t‘ign'g"sp'“e' 0.22 tons 630 850 053 21 0.000 0.000 0.000 0.000 0.000 0.000 0.000
B 3000 psi, 30%

8 3 flyash pumped 109 ¢y 13.25 104 5 150 180579 13.750 0.000 18.211 0.000 212,540 518.689

3 Re'”f"f’gl']’t‘ign'g"sp'“e' 0.22 tons 630 850 053 21 0.000 0.000 0.000 0.000 0.000 0.000 0.000
_ 1 Concrete Brick 5780 sf 11.52 3.02 0 2407.5 2.185 2.745 0.000 0.119 0.000 5.049 0.000
5o .

15 BS 2 ME"'EC;r'iVC'Ed”'a' 5780 sf 13.06 4.06 0 42334 2113 2.49 0.000 0.054 0.000 4.664 0.000
X5
o 3 Stucco 5780 sf 038 1.23 0 1550 0.561 2.373 0.000 0.023 0.000 2957 23.874

. . : = = . A
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Figure 1: Examples of probability frequency of randomly generated database from Monte Carlo simulation
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Figure 2: Optimal solutions in three-dimension graphs: 20% range data (left), and 40% range data (right)
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The results of the case study are presented in three-dimension models in Figure 2. The 20 sets of optimal
solutions from NSGA-II show balance behaviors, where none of the solutions are dominant solutions. Solutions
that have high values in one parameter show low values in other parameters. Different colors delineate Monte
Carlo iterations. They tend to present the same pattern of optimal solutions; however, they locate in the different
ranges or values, which is a result from using randomly generated input data in the Monte Carlo simulation
process. The range of optimal solution can show an ramification of uncertainty in data when any amount within
the range can happen in reality. Additionally, some solutions are created based on the high value of unit cost
while others happened from the high value of CO, emissions per unit. Thus, alternatives that have the lowest
amount in one objective may not always be selected by optimization since it can cause significantly higher
outcomes in other objectives..

Figures 3, 4, and 5 show two-dimension models that represent the relationship between construction time and
initial construction cost, the relationship between initial construction cost and environmental impacts (CO-
emissions) and the relationship between construction time and environmental impacts (CO, emissions)
respectively. The input of the 40% above and below mean distribution range provides a wider range of possibility
in SimulEICon data. For both cases tested, most solutions locate in low and medium magnitudes. The density of
low value in test one is more than the second test when solutions are spread more among low magnitude. As can
be seen in figure 3, 20% test has low magnitude optimal solution in initial construction cost from $110,000-
$130,000 while 40% results gave low range outcome in cost from $9,000-$120,000. This is the result of widened
possible input data into Monte Carlo simulation.
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Figure 3: Graphical relationship between construction time and initial construction cost: 20% range data (left),
and 40% range data (right)
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x10° Initial Construction Cost VS Environmental Impact (CO2 emissions)
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Figure 4: Graphical relationship between initial construction cost and environmental impacts (CO, Emissions):
20% range data (left), and 40% range data (right)
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Figure 5: Graphical relationship between construction time and environmental impacts (CO, Emissions): 20%
range data (left), and 40% range data (right)

4. CONCLUSION AND FUTURE WORK

The topic of this paper is on the application of SimulEICon for the selection of sustainable building designs. It is
shown that SimulEICon handles the optimization of the selection process using the NSGA-II genetic algorithm.
Inherent uncertainty in input data is accounted by implementing the Monte Carlo simulation method, which
allows for behavior modeling of data. The results presented showed that different Monte Carlo simulations exhibit
similar patterns, even though the actual values differ due to the change in input data. Two different sets of results
are presented. One represented Monte Carlo simulations used a variation of up to 20% below and above the mean
when selecting input data; and another represented a 40% variation range. Comparing results from both
simulations, it was found that the solutions obtained with a 20% variation were more concentrated or clustered
than those obtained with the 40% variation. This was expected since an increase in variation is analogous to an
increase in uncertainty of the input data. This results show that SimulEICon can provide construction
professionals with a tool to aid in the selection of individual building components by taking into account of the
overall cost, duration and environmental impacts of the building as whole. This contributes to future research for
the indicators of pattern similarity of optimal solutions and the level of confidence of the results. Moreover, data
from ATHENA often has not considered CO; emissions from maintenance and operation phase of buildings,
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which may cause significant changes in overall results. Energy simulation should be integrated to reflect CO;
emission in usage phase. Studies on equipment will be focused more on the construction phase to understand the
impact of equipment use on time, cost and environmental impacts.
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