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ABSTRACT: Building design optimization process is associated with uncertainties due to
climate change, unpredictable occupant behavior, and physical degradation of building
material over time. The inherent uncertainties in the design process reduce the reliability and
robustness of the optimal design solution(s) and affect design decision-making results. This
research studies the capabilities of parametric design tools in adopting probabilistic methods
to handle uncertainties in building performance optimization. Variance-based methods, e.g.,
Monte Carlo sensitivity analyses are implemented to identify the most critical parameters in
design optimization problems and improve the efficiency of design optimization. The optimal
solutions achieved with variance-based methods are satisfying the design objectives more
efficiently, also remain robust to changes and uncertainties.
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INTRODUCTION

The building design process includes making important decisions about different issues such
as building orientation, form, layout, Window-to-Wall Ratio (WWR), and material properties
(Lim et al., 2015). Building design decision-making is essentially solving multi-criteria
optimization problems (Rahmani Asl et al., 2015). Building performance simulation tools can
be useful in the design optimization process to evaluate design options. Refs. (Attia, 2011;
Attia et al., 2012) compare several building performance simulation tools and introduce the
potentials and challenges of each one in solving design problems.

Parametric modeling and simulation platforms, e.g., Grasshopper facilitate the optimization
process in architectural design (Touloupaki & Theodosiou, 2017). Multiple optimization
methods using heuristic algorithms such as Genetic Algorithm (GA) and Simulated Annealing
(SA), along with model-based optimization algorithms such as Gutmann and MSRSM
(Wortmann, 2017), are developed in Grasshopper to solve architectural design problems. On
the other hand, a typical building design optimization process using these tools is time-
intensive, ignores the uncertainties, and lacks a systematic framework to incorporate expert
knowledge. The absence of efficiency and the lack of a systematic approach for considering
uncertainties and integrating expert knowledge necessitates the development of a new
approach to building design optimization.

This paper aims to investigate the integration of probabilistic strategies with simulation-based
optimization process to handle the uncertainties and improve the reliability and efficiency of
architectural design decision-making. This paper examines the capabilities of visual
programming interfaces, available in parametric tools, e.g., Grasshopper to handle
uncertainties in building performance analysis and apply variance-based techniques to
enhance the efficiency of building design optimization process. The Genetic Algorithm (GA)
that is the most popular optimization algorithm in architectural optimization and variance-based
methods such as Monte Carlo sensitivity analysis with random sampling are deployed to
develop a probability-based optimization framework for parametric design decision-making. A
test case of building thermal energy consumption analysis is presented to demonstrate the
application of the proposed framework.
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1.0 BACKGROUND

1.1. Uncertainties in building design optimization

The optimization process under uncertainty is one of the main challenges in performance-
based building design (Evins, 2013; Kheiri, 2018; Nguyen et al., 2014; Shi et al., 2016). Solving
this type of optimization problems with deterministic approaches leads to overestimation of
design requirements and thus, inefficient design optimal solutions (Grille et al., 2017). Non-
deterministic methods including variance-based methods are capable of improving the
efficiency of building design decision-making (Hopfe et al., 2013).

Two main types of uncertainty sources in building performance optimization are known as
epistemic and aleatoric uncertainties (Hopfe, 2009). The epistemic uncertainties, e.g., the
thermal properties of building material exist due to measurement errors or model
simplifications. Aleatoric uncertainties are unknown parameters that depend on other factors
such as weather conditions and occupant behavior, and thus are irreducible (Grille et al.,
2017).

Variance-based methods are the most commonly used approaches to handle uncertainties in
building performance analysis (Tian et al., 2018). The variance-based methods such as Monte
Carlo use random variables and input probability density functions to address the stochastic
status of the problem. The applications of these methods in building performance analysis
have been broadly studied (Bordbari et al., 2018; Ding et al., 2015; Hopfe, 2009; Hopfe et al.,
2012; Lee et al., 2013; MacDonald, 2002; Rezaee et al., 2018; Shahsavari et al., 2018; Struck,
2012; Tian et al., 2018).

Various tools including MATLAB, Simlab, and jJEPIus have been widely used in uncertainty and
sensitivity analysis for building performance analysis (Tian et al., 2018). The integration of
these probabilistic methods with parametric tools such as Grasshopper has not been fully
covered, yet. This research intends to apply variance-based methods such as Monte Carlo
sensitivity analysis in the design optimization process. The integration of variance-based
methods with simulation-based optimization process enables designers to eliminate those
input variables with a small effect from the optimization setting, and thus leads to a more
efficient optimization process (Evins et al., 2012).

1.2. Sensitivity analysis in building design optimization

As (Saltelli et al., 2010) state, variance-based methods, e.g., Monte Carlo approaches, have
shown more effectiveness and reliability when working with stochastic variables. Thus, this
paper performs a sensitivity analysis based on the Monte Carlo approach. The following is a
brief mathematical description of the Monte Carlo method for dealing with input uncertainties
and sensitivity analysis.

Let a mathematical modeling Y = f (X) define correlations between a vector of one-dimensional
(1D) input variables X = {X1, Xz, ..., Xi} and an output (Y), where (f) is a deterministic integrable
function which translates from a k-D space into a 1-D one, i.e., RX -> R. The model produces
a single scalar output Y when all input variables are deterministic scalars. However, if some
inputs are uncertain or undecided, the output (Y) will also associate with some uncertainties.
An input variable Xi is defined by a mean value pi, a variance oi, and a probability distribution,
such as normal, uniform, etc. In the Monte Carlo methods, N sets of samples from possible
values of each input variable are generated. These input values are fed into the simulation
model to generate the probability distribution of the output (Y). Processing the output range (Y
) delivers a mean value and a frequency distribution for the output. A sensitivity analysis further
investigates into the contribution of each input variable on the total variations of the model
output.

This paper details predictions for sensitivity index S;; , the total effect coefficient. The
calculation of the sensitivity index S;; requires sampling sequences and estimators to act upon
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a single set of simulations and compute the sensitivity indices for all input variables (Saltelli et
al., 2010). In this research, the Monte Carlo uncertainty analysis, random sampling technique,
and the Jansen indices have proved applicable. Equation (1) indicates S; calculation (Saltelli
et al., 2010):

s alrw,-(49) )
Ti™ Var(Y)

(1

Note that A and B are two independent matrices of N samples (and thus N values) of k input
variables, that are generated with normal distribution using the mean and standard deviation
of each input variable. f(4); denotes an output based on input values from the j row of matrix

A f (Ag))j denotes an output based on input values from the j row of the matrix Ag) , which

represents a matrix with all columns from matrix A except column i, which comes from matrix
B. Var(Y) is the output variance, having all input variables form matrix A.

2.0. A PROBABILISTIC FRAMEWORK FOR PARAMETRIC DESIGN
OPTIMIZATION

2.1. Variance-based methods in parametric building design

Building design decision-making includes multi-objective optimization problems, dealing with
financial, physical, functional, aesthetical, and performance-related concerns. This process
requires a systematic workflow to meet the design requirements efficiently. This research
focuses on performance-based building design including building energy consumption
analysis. Figure 1 illustrates a general workflow of building design decision-making followed
in this research.

Step 1: Building . - . AP Step 4: Design
Modeling I:> Step 2: Simulation I:> Step 3: Optimization I:> Decison-Making

Figure 13. A general architectural design decision-making process

This research builds upon the optimization framework introduced in (Nguyen et al., 2014) to
investigate the application of variance-based techniques in parametric building design
decision-making. Nguyen et al., (2014) subdivide a generic simulation-based optimization
process into three phases: 1- preprocessing, 2- optimization, and 3- post-processing. Modeling
the building to be optimized, defining the optimization problem, selecting the input variables,
objective functions and constraints, are the major tasks in the preprocessing phase.
Integrating the variance-based methods with design optimization is an optional task in the
preprocessing phase. In this research, the variance-based methods are deployed for
sensitivity analysis to identify the key input parameters. The next phase is the optimization,
and the important role of a designer in this phase is fixing the potential errors and keeping the
optimization process running. The post-processing phase includes analyzing the optimization
results and presenting the data by charts and graphs, e.g., scatter plots.

The Genetic Algorithm (GA) is applied for optimization in this research. The GA process
imitates the natural genetic evolution and requires preparation, consisting of input
chromosome generations, setting the objective function, and defining the constraints (Lim et
al,, 2018). The optimization begins with the first generation of design inputs, and the
performance of different combinations of design inputs is compared. The fittest combinations
remain in the next generation, and the weakest combinations are removed. The remaining
chromosomes create new combinations through the cross over and mutation. The GA selects
the fittest combinations, and this process goes on until there is no better solution found
(Nguyen et al., 2014).
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Sensitivity analysis with the variance-based techniques guides the search for the optimal
solution and improves the efficiency of the optimization process in two ways. First, designers
can use the sensitivity analysis results to find input parameters with the highest impact on the
output and adjust the optimization input parameters, accordingly. Second, the probability
distribution of the values of input parameters, that are generated based on the expert
knowledge or previous research, can be used as a source of input selection in the mutation
and cross-over processes of the GA optimization. These two applications of sensitivity analysis
in design optimization will lead to more reliable optimization results since the optimization is
based on expert knowledge and probabilities.

This research deploys Rhino and Grasshopper to illustrate the benefits of sensitivity analysis
in building design optimization. Ladybug and Honeybee, the two plugins available in
Grasshopper are used to upload the weather data, prepare building model, and run the energy
analysis with EnergyPlus (Toutou et al. , 2018). The model preparation with these energy
modeling plugins in Grasshopper includes creating thermal zones from masses and surfaces,
followed by solving space adjacencies, setting the WWR for each fagcade, material selection,
and adjusting occupants, lighting, and equipment schedules (Figure 2).

Sct bullding geometry {1), WWR (2} and materlal thermal Get Information on eccupants behavier In opening windows (4, sct lighting and
praperties (3} sehedules (5), get internal loads {€), and get weather data and set energy analysis output (T

: Model preparation with Lad

Figure 14 ybug/Hoebee for energy modeling in Grasshopper

After preparing the building model, energy analysis simulation is executed using the Honeybee
energy analysis component in Grasshopper. The user defines the timeframe for energy
analysis, and the weather data is imported from the EnergyPlus website.

CPython component in Grasshopper is used to import statistical tools such as Numpy and
Scipy into Grasshopper. The CPython also enables the designers to present statistical results
in Grasshopper by charts and graphs (Abdel Rahman, 2018). To conduct optimization,
Galapagos is applied for a single-objective design problem such as thermal energy
consumption analysis. Figure 3 illustrates the proposed optimization framework with
probabilistic techniques, that includes the addition of sensitivity analysis to guide designers in
input selection for optimization.

The proposed optimization process with parametric tools, e.g., Rhino and Grasshopper begins
with creating the building model. The initial input variables are selected based on the needs
and requirements of the design project. The input parameters along with design constraints
and design objective functions define the optimization setting. A normal distribution of all input
variables is generated with N number of values (defined by the user), using the mean and
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standard deviation (MacDonald, 2002). The lists of input variables are connected to the
simulation engine, e.g., Energy Plus and the outputs of each simulation run are recorded for
later comparisons.
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Figure 15: Sensitivity-based building design optimization

The simulation model is executed repeatedly using the samples of input parameters. To
automate the random value selection for each input and run EnergyPlus for N times, a number
slider, that is remotely controlled (“Grasshopper3D”, 2017), is connected to the list of input
variables and selects a random index of each list automatically and feeds the associated input
value to the simulation. The simulation runs through all the input values, and the results are
used in further calculations to identify the sensitivity index of each input parameter. In this
proposed method, the sensitivity indices associated with each input parameter is calculated
through sensitivity analysis techniques, and the input variables with higher impact on the output
will remain in the optimization process. Figure 4 shows the implementation of variance-based
methods for sensitivity analysis in Grasshopper, using list management and CPython
programming.

2.2. Test case results

A hypothetical five-zone building is modeled in Rhino/Grasshopper to demonstrate the
application of the proposed probabilistic optimization framework. The Typical Meteorological
year for College Station, Texas is imported from the EnergyPlus website (‘EnergyPlus”, 2018).
The weather data and HVAC specifications are kept constant, while building material thermal
properties including wall thermal conductivity, density, and specific heat capacity, along with
WWR, and occupant behavior in the opening and closing windows, are varying. Figure 5 shows
the 3-D model of this test case in Rhino/Grasshopper.
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Figure 17: A hypothetical five-zone building model in Rhlno/Grasshopper

Two random lists of values (list A with 100 samples and list B with 100 samples) for each input
variable are generated. The mean and standard deviation values for the thermal properties of
exterior walls are listed in Table 1.

The mean values of WWR for north, south, east, and west facades are 0.45, 0.45, 0.3, and
0.3, respectively. The WWR values are varied by 10% of their mean values. The occupant
behavior in the opening and closing windows is defined based on the Outdoor Air Temperature
(OAT) and is connected to the infiltration schedule. This variable is studied through the
possibility of opening windows when the outdoor air temperature (OAT) reaches a certain
point. For example, if OAT is larger than 20°C (with 0.2°C variation), the user will probably open
the windows. This probability status is recorded through the year as zeros and ones (for
opening and closing windows). This list of zeros and ones is saved as an Excel file, and the
Excel file is linked to the infiltration schedule, which is used in the EnergyPlus analysis.

All the input variables are fed into the simulation to get the output, which is building annual
heating/ cooling energy consumption. Sensitivity indices for input variables are calculated and
presented to guide the user in selecting the most important input parameters to participate in
design optimization. Figure 6 compares the sensitivity indices of the input variables in this
study.
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Table 3: The mean and standard deviation values for the thermal properties of exterior walls (MacDonald,
2002)

Density Heat Capacity c, Thermal
p (kg/m3) (J/kgK) Conductivity
A (WimK)
1] 9] i o ] [
Exterior Walls Thermal Properties 1900 28.5 1000 106 1.41 | 0.1269
Occupant behavior in opening the windows | 0.65

Exterior wall thermal conductivity

Exterior wall density : 0.12

Exterior wall heat capacity : 0.08

WWR D 0.05

0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70
SENSITIVITY INDICES

Figure 18: The sensitivity plot showing the most significant design parameters in the test case

The input variables with higher sensitivity indexes have a higher impact on the output. In this
test case, the output is building annual heating/cooling energy consumption. The sensitivity
analysis result shows that occupant behavior in the opening and closing windows is the most
important parameter, compared to exterior wall thermal properties and WWR. Exterior wall
thermal conductivity, density, and heat capacity are the next most impactful variables in this
model. The WWR (sum of the sensitivity indices of WWR for four facades in this model) shows
a small contribution to the output. The reason for this small sensitivity index of WWR is that
the sensitivity index of a specific variable in a certain model is highly dependent on the
sensitivity indices of other variables. It means that if a variable shows a significantly high index
compared to the other variables, it will affect the values of sensitivity indices of the other
variables (Saltelli et al., 2010). In this example, the occupant behavior shows much more
significance than WWR, and it affects the sensitivity indices of WWR.

Considering the sensitivity analysis results, the list of input parameters for the optimization
process is limited to the thermal properties of exterior walls. The effects of WWR on building
energy consumption in this case study is negligible (Figure 6) and can be ignored in the
optimization process. Also, the occupant behavior is excluded from this list, since it is an
aleatoric uncertain variable which is dependent on many other factors. Figure 7 illustrates the
input setting for this design optimization, also the optimization output.
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Figure 19: Optimization in Grasshopper — the thermaIEB‘r“cn)':p\)'erties of wall material (highlighted in pink color)
are varying to minimize building thermal energy consumption

DISCUSSION AND CONCLUSION

This research investigates the integration of sensitivity analysis into design optimization to
improve the efficiency of parametric building design optimization. Since the sensitivity study
helps to reduce the number of input variables, the optimization search space is reduced, which
leads to less computing time than a conventional optimization process.

The occupant behavior is one of the most important uncertain design variables and
understanding different patterns of occupant behavior and reflecting the effects of this
parameter in building performance simulation requires further research. Also, further
development of the proposed optimization framework may focus on using probability
distributions of important input variables to search for the optimal solution. Choosing the input
values for an optimization process out of a normal distribution allows searching for the optimal
solutions considering their probability of occurrence. This method may improve the reliability
of optimization results since the probability of occurrence of each design option is considered.

The conditional probability and Bayesian network are also promising fields of research related
to probabilistic optimization. The Bayesian inference updates the prior belief, which is a starting
point for the optimization, to a posterior outcome based on additional data and information.
This method allows the integration of expert knowledge with design optimization and may
improve the simulation-based optimization in architectural design decision-making.

REFERENCES

Abdel Rahman, M. (2018). Retrieved from https://www.grasshopper3d.com/group/gh-cpython.

Bordbari, M. J., Seifi, A. R., & Rastegar, M. (2018). Probabilistic energy consumption analysis
in  buildings using point estimate method. Energy, 142, 716-722.
https://doi.org/10.1016/j.energy.2017.10.091

Ding, Y., Shen, Y., Wang, J., & Shi, X. (2015). Uncertainty sources and calculation approaches
for building energy simulation models. Energy Procedia, 78, 2566-2571.
https://doi.org/10.1016/j.egypro.2015.11.283

EnergyPlus, 2018. Retrieved from https://energyplus.net/weather-
location/north_and_central_america_wmo_region_4/USA/TX/USA_TX_College.Station
-Easterwood.Field.722445_TMY3.

Evins, R. (2013). A review of computational optimisation methods applied to sustainable
building design. Renewable and Sustainable Energy Reviews, 22, 230-245.
https://doi.org/10.1016/j.rser.2013.02.004

Evins, R., Pointer, P., Vaidyanathan, R., & Burgess, S. (2012). A case study exploring
regulated energy use in domestic buildings using design-of-experiments and multi-

objective optimisation. Building and Environment, 54, 126—-136.
https://doi.org/10.1016/j.buildenv.2012.02.012
Grasshopper3D, 2017. Retrieved from

https://www.grasshopper3d.com/forum/topics/changing-sliders-upstream-causes-an-

ARCC 2019 | THE FUTURE OF PRAXIS 505



ENVIRONMENTAL STEWARDSHIP

object-expired-during-a.

Grille, T., Pruvost, H., & Scherer, R. J. (2017). Towards the Application of Stochastic Methods
in Daily Energy Efficient Building Design, (August), 6—10.

Hopfe, C. (2009). Uncertainty and sensitivity analysis in building performance simulation for
decision support and design optimization. Technische Universiteit Eindhoven. Retrieved
from http://www.bwk.tue.nl/bps/hensen/team/past/Hopfe.pdf

Hopfe, C. J., Augenbroe, G. L. M., & Hensen, J. L. M. (2013). Multi-criteria decision making
under uncertainty in building performance assessment. Building and Environment, 69,
81-90. https://doi.org/10.1016/j.buildenv.2013.07.019

Hopfe, C. J., Emmerich, M. T. M., Marijt, R., & Hensen, J. (2012). Robust multi-criteria design
optimisation in building design. BSO12 - Building Simulation and Optimization
Conference, (citation(15)), 19-26.

Kheiri, F. (2018). A review on optimization methods applied in energy-efficient building
geometry and envelope design. Renewable and Sustainable Energy Reviews, 92(April),
897-920. https://doi.org/10.1016/j.rser.2018.04.080

Lee, B. D,, Sun, Y., Augenbroe, G., & Paredis, C. J. J. (2013). Towards better prediction of
building performance: a workbench to analyze uncertainty in building simulation.
BS2013: 13th Conference of International Building Performance Simulation Association,
Chambéry, France, August 26-28, 1231-1238.

MacDonald, I. A. (2002). Quantifying the Effects of Uncertainty in Building Simulation.

Nguyen, A.-T., Reiter, S., & Rigo, P. (2014). A review on simulation-based optimization
methods applied to building performance analysis. Applied Energy, 113, 1043-1058.
https://doi.org/10.1016/j.apenergy.2013.08.061

Rezaee, R., Brown, J., Haymaker, J., & Augenbroe, G. (2018). A new approach to
performance-based building design exploration using linear inverse modeling A new
approach to performance-based building design exploration using linear inverse
modeling. Journal  of Building  Performance  Simulation,  0(0), 1-27.
https://doi.org/10.1080/19401493.2018.15070460rg/10.1080/19401493.2018.1507046

Saltelli, A., Annoni, P., Azzini, I., Campolongo, F., Ratto, M., & Tarantola, S. (2010). Variance
based sensitivity analysis of model output. Design and estimator for the total sensitivity
index. Computer Physics Communications, 181(2), 259-270.
https://doi.org/10.1016/j.cpc.2009.09.018

Shahsavari, F., Koosha, R., Vahid, M. R,, Yan, W., & Clayton, M. J. (2018). Towards the
Application of Uncertainty Analysis in Architectural Design Decision-Making, (A
Probabilistic Model and Applications). In eCAADe 2018 Computing for a better tomorrow
(Vol. 1, pp. 295-304).

Shi, X., Tian, Z., Chen, W., Si, B., & Jin, X. (2016). A review on building energy efficient design
optimization from the perspective of architects. Renewable and Sustainable Energy
Reviews, 65, 872—884. https://doi.org/10.1016/j.rser.2016.07.050

Struck, C. (2012). Uncertainty propagation and sensitivity analysis techniques in building
performance simulation to support conceptual building and system design.

Tian, W., Heo, Y., de Wilde, P., Li, Z., Yan, D., Park, C. S., ... Augenbroe, G. (2018). A review
of uncertainty analysis in building energy assessment. Renewable and Sustainable
Energy Reviews, 93(January 2017), 285-301.
https://doi.org/10.1016/j.rser.2018.05.029

Toutou, A., Fikry, M., & Mohamed, W. (2018). The parametric based optimization framework
daylighting and energy performance in residential buildings in hot arid zone. Alexandria
Engineering Journal, 57(4), 3595-3608. https://doi.org/10.1016/j.aej.2018.04.006

Wortmann, T. (2017). Opossum. Proceedings of the 22nd International Conference of the
Association for Computer-Aided Architectural Design Research in Asia (CAADRIA),
283-292. https://doi.org/10.1002/pam.20481

506 A case study for sensitivity-based building energy optimization





