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Abstract

Building performance simulation and genetic algorithms are powerful techniques for helping designers make better design
decisions in architectural design optimization. However, they are very time consuming and require a significant amount of
computing power. More time is needed when two techniques work together. This has become the primary impediment in
applying design optimization to real-world projects. This study focuses on reducing the computing time in genetic algo-
rithms when building simulation techniques are involved. In this study, we combine two techniques (offline simulation
and divide and conquer) to effectively improve the run time in these architectural design optimization problems, utilizing
architecture-specific domain knowledge. The improved methods are evaluated with a case study of a nursing unit design to
minimize the nurses’ travel distance and maximize daylighting performance in patient rooms. Results show the computing
time can be saved significantly during the simulation and optimization process.
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1. INTRODUCTION

Building performance simulations are now commonly used
by building professionals to test design alternatives before
construction (Hong et al., 2000). A large number of variables
are included in most architectural designs, and many design
solutions exist for given objectives. Learning about the rela-
tionships between potential design decisions and the desired
performance could help designers achieve better design
outcomes (Mackenzie & Gero, 1987). Traditional design ac-
tivity is based on the assumptions and experiences that archi-
tects use to create and modify potential design solutions, in
order to arrive at a design that is acceptable in both form and
function. Usually the number of solutions an architect can
create and evaluate within a reasonable timeframe is limited.
Design by optimization effectively generates a large number
of feasible solutions and pinpoints the best fitting ones for
the specified design objectives. However, as we start to in-
clude building performance simulations into design optimi-
zation, the process becomes much more complex and time
consuming.

Although building performance simulation and design opti-
mization are powerful techniques for helping architects make
better design decisions, they are very time consuming and re-
quire a significant amount of computing power. As a result, the
integration of both techniques is unrealistic in real-world de-
sign practice; most projects simply have too tight a project
timeline. Our research focuses on reducing the computing
time in multiple-objective design optimization when building
simulation techniques are involved. The methods used in this
research not only facilitate a faster optimization but also enable
a much larger search space within the same amount of time,
which offers a better chance of finding the optimal design.
The aim of this research is to encourage architects to use simu-
lation and optimization in their daily practice. While improving
today’s practice is the ultimate goal of the project, the major
contribution of the project is the future potential demonstrated
by the present advancement of the optimization methods.

This research facilitates fast and extensive creation and
evaluation of design alternatives through a process of search-
ing, simulating, and optimizing, in order to meet specified
architectural design objectives. It focuses on the early stages
of the design decision-making process and is composed of the
following computational methods: parametric modeling, per-
formance simulation, multiple-objective design optimization,
and genetic algorithms (GAs).
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2. BACKGROUND AND LITERATURE REVIEW

2.1. Building performance simulation

With the growing demand for energy-efficient buildings, nu-
merous building energy simulation tools have been developed.
Green building standards such as LEED (USGBC, 2009) have
been issued and implemented in many countries. A more sus-
tainable and energy-saving type of design has been advocated
by designers, engineers, and developers. The applications for
building simulations include building heating and cooling
load calculation, daylighting calculation and reflective roof
analysis, building energy management and control system de-
sign, building regulations, code checking, cost analysis, and so
forth (Hong et al., 2000). Although many simulation tools exist
today, the optimization process, which involves iterative simu-
lations, is inefficient and time consuming.

2.2. Design by optimization and problem statement

Architectural design problems are generally complex and of-
ten involve multiple design objectives. Besides energy effi-
ciency, other design objectives architects might consider
throughout the comprehensive architectural design process
include aesthetic, structural, functional, social, historical, be-
havioral, and so on (Lobos & Donath, 2010). Thus, architec-
tural design can be seen as a multiple-objective optimization
process, aiming to find optimal solutions for multiple
objectives that often conflict with one another (Radford &
Gero, 1987). In general, there are two ways to solve
multiple-objective optimization problems: convert a multiple-
objective optimization into a single objective optimization
by using a weighted sum of the objective functions with often
arbitrary weights; or search for the Pareto optimal set, which
is more widely accepted for practical multiple-objective opti-
mization, because normally there exists a set of optimal
solutions (design options) instead of a single solution for
multiple-objective optimization. In this study we use the first
method of design optimization. While the present methods
can work for both of the two ways described above, in this
study, we start testing our methods using the simpler way
of optimization, converting a multiple-objective optimization
into a single objective optimization. We will discuss the Pa-
reto optimal optimization in a future study.

Because architectural design problems often having dis-
crete, nonlinear, and stochastic decision variables, optimiza-
tion methods such as classical calculus, linear programming,
and dynamic programming are not applicable to most of the
complex optimization problems in architecture (Radford &
Gero, 1987). GAs model natural selection and the process
of evolution (Holland, 1975). Using the mechanisms of nat-
ural selection in evolving individuals who adapt to an envi-
ronment over time, GAs provide a robust search process
and have been used in optimizing complex and poorly under-
stood scientific and engineering problems (Gero & Louis,
1995) such as automotive design (Vidal et al., 2012;

Mahmoodabadi et al., 2013), engineering design (Gen &
Cheng, 2000; Deb, 2012), medicine (Chen & Chen, 2011),
and so on. In the field of architecture, the applications for
GAs include structural design (Kociecki & Adeli, 2013),
green building design (Wang et al., 2005; Attia et al.,
2012), and space planning (Jo & Gero, 2006; Rawat et al.,
2012). Many tools (Gerber et al., 2012) are under develop-
ment for the purpose of generation of design alternatives.

In addition to the improvement of multiple-objective GAs
from the general computing point of view, there is a signifi-
cant need to research a more efficient optimization tool that
will couple with design simulations (e.g., energy simulations)
more efficient during the optimization process. In this paper
we present two proposed techniques for improving optimiza-
tion as employed in a case study for space layout: an offline
simulation technique, and a divide and conquer (D&C)
method, customized for architectural design problems. The
development of both methods is based on architects’ (as op-
posed to computer scientists’) domain of knowledge.

Time and computational complexity analyses are applied
to evaluate an algorithm’s usage of computing and time re-
sources. A well-known limitation of GAs is that it often can
take a tremendous amount of search and evaluation iterations
before reaching optimal solutions, especially when the task
involves multiple objectives. A GA optimization process
could take days to complete using today’s conventional com-
puters. In an optimization study of insulation usage and space
conditioning load, it took a GA 50 min to run 25 different de-
signs and 2 h and 18 min to run 100 different designs on a
standard laptop (1.7-GHz CPU, 512 MB RAM; Shi, 2011).
In a study of green building design optimization using multi-
ple-objective GAs, a computer with Windows XP (3.06-GHz
Pentium IV processor, 512 MB RAM) took 30 h to run 29
solutions (Wang et al., 2005). This time-consuming aspect
of GAs could be a serious impediment to design automation,
effectively discouraging designers from conducting more sim-
ulation studies. The number of generations and solutions in
the above GA examples are too few to be of any practical
use. When GA execution time can be saved by using a smaller
search space, global optimality is unlikely to be achieved. In
contrast, increasing GA search space to allow for a greater
number of optimal solutions will result in a longer execution
time, which in turn will prevent GAs from being useful in
the design process. Thus, reducing the run time of GAs is es-
sential to its use in design optimization.

Previous research studies have shown that building simula-
tion is a very time-consuming and labor-intensive process.
For instance, in a high-rise office building energy simulation
study, the computer will need more than 30 h to perform a 1-
year hourly simulation, and the time required for monthly
simulations will vary from 36 min to around 6 h, using four
desktop computers running at the same time (Ahn et al.,
2013). Researchers point out that the time and resources
needed for simulation are one of the reasons that simulation
tools have not been fully embraced by architects (Shi,
2011). Architectural design firms have been using GAs as a
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way to search for the optimal design options to assist with the
design decision-making process (Besserud et al., 2008;
Claussnitzer et al., 2014). However, due to the tight project
timeline, architects do not have the time and resources.
Most optimization projects have a small population. There-
fore, the optimal solutions are not guaranteed to be found.

When a standard GA is used with simulation for optimiza-
tion, a significant computer effort is expected (Renner &
Ekárt, 2003). As a result, various methods have been re-
searched for increasing the speed of GAs. The literature on
this topic can be divided into four groups. One involves im-
proving the infrastructure, running GAs on a faster machine,
or using multiple machines working together. The parallel
GA uses a group of cooperating computers to solve complex
problems in less time (Muhlenbein, 1991). Cloud computing
(Armbrust et al., 2000) has also been introduced as a way to
reduce the computing time of optimization problems. Cloud
services are now being used in many design firms to speed
up the optimization process (Claussnitzer et al., 2014).

The second group of research in the literature investigates
the construction of approximate simulation models: surrogate
models. Surrogate models mimic the actual simulation model
but use less computing power (Forrester et al., 2006). The
computational cost of GAs can be reduced by replacing com-
putationally expensive fitness evaluations with cheap approx-
imation models such as surrogate models. (Ong et al., 2003)
A review paper (Jin, 2005) points out that approximation
models are beneficial when computation of the fitness func-
tion evaluation in GAs is time consuming; no analytical fit-
ness function model exists (the fitness function needed to
be evaluates by humans, for example, in music composition
and art design); the results of GAs is not always consistent;
and the fitness landscape has multiple local optimals. Surro-
gate models are used to replace the accurate and time-com-
muting fitness evaluation. It is recommended to use a surro-
gate model with the real/original fitness function to avoid
having a false optimum in the surrogate model (Jin et al.,
2000). The trade-off between the fidelity (approximation ac-
curacy) and computational cost is shown in Figure 1 (Jin,
2011). Generally speaking, fitness evaluations with high fi-
delity are more time consuming, and fitness evaluations
with low fidelity are usually less time consuming. The user
should balance between the needs for accuracy and available
computational cost. Surrogate models are applicable to many
operators in GAs. For example, population generation, cross-
over (Anderson & Hsu, 1999), mutation (Abboud & Schoe-
nauer, 2002), local search (Ong et al., 2006), global search
(Simpson et al., 2001), and fitness evaluations (Buche
et al., 2005; Jin, 2011). Multiple surrogate models can be ap-
plied together to a GA problem. For example, researchers
(Zhou et al., 2007) combine global and local surrogate mod-
els to improve the speed of an evolutionary optimization.
However, surrogate models require simulation knowledge,
that is, how to construct approximate simulation models,
which architects usually do not possess. This inspired the pre-
sent project in the reuse of offline or presimulation that archi-

tects already know how to conduct in the optimization pro-
cess. The proposed methods are expected to be simpler for
implementation than surrogate models because the original
simulation models can be used in the optimization process.

The third group of research suggests to use simplified
building simulation tools or reduce the number of simulation
needs. Sentient building simulation systems construct a result
database of a portion of the search space and interpolate the
results based on designer’s need (Negendahl et al., 2014).

The fourth group in the literature is focused on making the
GAs work more efficiently. Associative parametric models
can be used to describe a large and complex geometric system
with fewer variables, which would make the optimization
process faster (von Buelow et al., 2010). The evolutionary
D&C algorithm reduces the complexity of the problem by di-
viding a large problem into simple subproblems (Valenzuela
& Jones, 1993).

Based on the literature review, in order to improve a GA’s
application in architectural design, we first try to reduce the
run time or the number of simulation runs in the optimization
process; and second, we try to make GAs work more effi-
ciently. In this paper we present two proposed techniques
for improving optimization as employed in a case study for
space layout: an offline simulation technique, which is a
method to reduce the simulation needs, and D&C, which is
a method to accelerate GAs, customized for architectural de-
sign problems. The development of both methods is based
on architects’ (as opposed to computer scientists’) domain
knowledge. The improvements can be additive to existing im-
provements, for example, the computing infrastructure im-
provements. Overall, this paper analyzes the existing problems
and limitations of design optimization when associated with
building simulation; presents the two proposed methods: off-
line simulation and D&C; and demonstrates a case study that
could be used to validate these methods. This research also
describes experiments performed on the use of parametric

Fig. 1. The trade-off between fidelity and computational cost (adapted from
Jin, 2011).
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design, design optimization, daylight simulation, and design
automation in the early conceptual design process.

3. METHODS

To reduce a GA’s run time, we propose the use of offline sim-
ulation (Su & Yan, 2014) and D&C methods based on archi-
tecture’s domain knowledge.

3.1. Offline simulation

In existing optimization processes, if building simulation pro-
grams are involved, simulations must be performed each time
when the building parameters (chromosomes in the GA) change
to form a new GA solution. The result of each simulation is used
in the GA fitness function to produce another generation of so-
lutions. This process continues until the GA finds the optimal
solution or reaches a predefined calculation time limit. As a re-
sult, the simulation program must run until the GA finds the op-
timal solution. The number of simulations that need to be con-
ducted is equal or proportional to the GA’s population size.

In this research, we introduce the idea of offline simulation
to reduce the number of simulations in the early stage of
architectural design. Terms such as offline, online, or real-
time have been widely used in engineering and scientific
areas for physically based animation, physical system model-
ing, and simulation. Online or real-time simulation refers to a
computer model simulation tool that works at the same rate as
the actual physical system in a real-time clock. In other words,
it will take the same amount of time in the real world for cal-
culation in real-time simulation. Offline simulation tools
usually work within a fixed time (Gole, 2000).

In the domain of building design, offline and online con-
cepts have been used in building system control design (Yu
& Dexter, 2009; Coffey, 2012, 2013; Corbin et al., 2013;
Hu & Karava, 2014). In the above literature, offline means
that the optimizer is not connected with the server that con-
trols the physical system (e.g., the physical building is not
controlled by the optimizer). Online or real-time refers to
the optimization process that connects the optimizer with a
server–client framework controlling the building HVAC sys-
tem (Corbin et al., 2013). Hu and Karava (2014) simulated a
mixed-zone building using offline model predictive control
framework with particle swarm optimization as an optimizer.
Coffey used offline optimization with building simulation
tools to approximate model predictive control with lookup ta-
bles for optimal control setups. The results from offline opti-
mization (the lookup tables) can be used in real-time building
control simulations, so that the online optimization does not
need to run at each time step. With offline optimization, on-
line problems are easier to tackle, and simulations can be
faster (Coffey, 2012, 2013). Similarity and difference lie be-
tween the above mentioned “offline” methods and the way we
used offline in our study. The similarity is that the results
from offline simulation can provide rules or knowledge for
online systems later. The difference is in the work mentioned

above, the offline optimization is separated from the real-time
control of HVAC systems; in our study, the offline simulation
is separated from the optimization process, and the simulation
results can be used and reused in the optimization process la-
ter in the early stage of architectural design.

In conclusion, when the design problem is decomposable
into subproblems where some subproblems can be solved off-
line, offline simulation/optimization methods can be used,
making the original optimization problem easier to solve, re-
ducing the computational time, and increasing the search
space within the same amount of time.

Compared to real-time simulation, offline simulation in
this study refers to a computer simulation model that can exe-
cute at a time different from that of the general GA optimiza-
tion process. In order to save time, we separate building simu-
lation from the GA optimization process, conduct all required
simulations in advance, and reuse the simulation results
whenever appropriate in the GA’s fitness evaluation process.
In other words, the correlations between building perfor-
mance and decision variables can be obtained from offline
simulations. These correlations can be used and reused in
the GA fitness function. This way, simulations do not need
to be repeated in the GA, and as a result, a significant amount
of time can be saved.

3.2. D&C

The idea of the D&C technique is to divide a large problem
into manageable subproblems. The solution to the original
problem can be obtained by combining the solutions of the
subproblems. This technique has the potential to be used in
any complex optimization problem (Valenzuela & Jones,
1993). There are a number of different D&C methods already
being used in the areas of mathematics and computing. For ex-
ample, dynamic programming solves subproblems and com-
bines the knowledge gained through the subproblems to reach
the final solution; this process can be conducted without
knowing how to decompose the original problem (Bellman,
1956). In the area of GAs, Potter and De Jong (1994, 2000)
presented an evolutionary D&C technique called cooperative
coevolution. In cooperative coevolution, the subcomponents
are described as a collection of cooperating species. The indi-
vidual species are coevolved and solved independently in or-
der to solve a complex problem.

Prior work on engineering design has used multilevel hier-
archical design optimization frameworks to solve large and
complex design problems (Papalambros, 2002) as well as a
problem decomposition method, which is an analytic target
cascading (Kim, 2001; Kim et al., 2001). The benefits of
the approach include efficiency, robustness, and organization.

In building design, analytic target cascading is extended to
thermal and HAVC design (Choudhary et al., 2003; Choud-
hary, 2004; Choudary & Michalek, 2005). Different perfor-
mance analysis goals may be involved in a complex design
problem, which requires unique and separate analysis tools
and optimization tasks in different levels of complexity
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(Choudhary et al. 2003). The decomposition permits sub-
problems to be constructed separately, and allows appropriate
simulation and optimization tools to be chosen from the tool
repository and optimization to be conducted based on the indivi-
dual performance objectives of the subproblems (Choudhary,
2004). In terms of computational expense, simulation tools
take the majority run time in this hierarchical framework; there-
fore; cheap simulation models are recommended (Choudhary,
2004) and expensive models can be substituted by computa-
tionally cheap surrogate models (Papalambros, 2002).

In Choudhary (2004) the problems are decomposed into
subproblems using Object Decomposition (Wagner, 1993),
which divides the problems by physical components such
as zones and components, as well as Aspect Decomposition,
which divides the problems by disciplines. While the idea of
decomposing a problem into subproblems is similar in the
D&C method, our study demonstrates a sequential object de-
composition approach (decomposing the design problem into
the layout optimization for patient rooms in sequence) that is
applied to the process of GAs in the design of the spatial layout.

The idea of using a decomposition method to reduce the
simulation time can also be seen in the work by Welle et al.
(2012). The authors develop an automated method to decom-
pose and recompose a building model for climate-based day-
lighting simulation, with great simulation time saving and
simulation results that are acceptable. This method decomposes
a building into many spaces and evaluates each space to check if
it has distinct features and whether it should be simulated. A
cloud computing platform then is used for simulations, and the
results can be weighted and used for other spaces with similar
characteristics. This decomposition method is used for daylight-
ing simulation but not for optimization as in the present study.

The specific D&C method used in this paper, described
by Watson (2002), is based on a decomposable and separable
design problem. It is straightforward, easy to understand, and
easy to conduct from the perspective of an architect. If the
variables are independent from each other, for example, in
simulations that usually use simplified models of the real-world
design problems, we can break a design problem with a large
number of populations into several subproblems, each with a
smaller population, and solve them separatelyand with less time.

Suppose there are N variables in a complex optimization
function F, and each variable has K possible values. If these
variables are independent of each other (which means the
value of one variable is not affected by the values of others),
this problem can be broken down into N separable subprob-
lems, each with only one variable. The function F can be ex-
pressed as the sum of N individual functions

FðV1,V2, . . . ,VNÞ ¼ F1(V1)þ F2(V2)þ � � � þ FN(VN ):

If we want to maximize/minimize the function F, we can
maximize/minimize the functions F1 to FN separately and
with less computing time as described below.

In GAs, the computing time needed to solve the problem
increases as the number of populations of candidate solutions

increases. The D&C method decomposes a GA problem with
a large population into several sub-GA problems with fewer
populations. For a standard GA, the search space S standard
is equal to the population size, which is

Sstandard ¼ KN :

For a GA using D&C, the search space is

SD&C ¼ N � K

and

SD&C ¼ N � K ,, Sstandard ¼ KN ,

especially when K and N are large. When the D&C method is
applicable, the search space is much smaller. We can finish
the algorithm with less computing time or enlarge the search
space within the same timeframe. One requirement for the
applicability of D&C is that the decision variables are inde-
pendent of one another. In certain architectural design optimi-
zation problems, this requirement can be satisfied.

4. A CASE STUDY

4.1. Design objectives

Validations of the method is presented within the context of a
case study for parametric form-finding in a nursing unit de-
sign with two design objectives: to minimize nurses’ travel
distance from the nurses’ station to each patient room; and
to maximize the daylight illuminance in all patient rooms,
use LEED standard (healthcare supplement; USGBC, 2009)
as a reference.

In any study related to the behavior and working efficiency
of the nursing staff, one of the most important variables is the
distance that a nurse is obligated to walk in a hospital. Walk-
ing has been identified as a major time-consuming activity for
nurses, and evidence from previous studies suggests that the
time saved by walking can be turned into more time spent on
patient care activities (Zimring et al., 2004). Individual nurses
across all study units travel between 1 and 5 miles per 10-h
daytime shift. Average travel distance ranges between 2.4
and 3.4 miles with a median of 3.0 miles per 10 h (Hendrich
et al., 2008). Unnecessary walking may lead to time waste
and add to fatigue and stress. In the case study, the objective
is to minimize the total nurses’ walking distance.

Daylight is an essential element for patients’ well-being.
Research shows that patients in sunny rooms feel less pain
and stress, and take less medication as compared to patients
in rooms with less sunlight (Walch et al., 2005). This case
study uses the LEED standard as a reference to construct
the fitness function for the daylight illuminance level calcula-
tion (Rahmani Asl et al., 2013). The objective is to achieve
maximum daylighting under LEED requirement. LEED re-
quires 75% or more of the perimeter area to achieve a daylight
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illuminance level between 110 and 5400 lux. Therefore, in this
case study, the daylight illuminance in every inpatient unit
layout design is expected to meet this requirement. The current
tools and techniques used are introduced in Section 4.2, and
the measurable baseline model is discussed in Section 4.3.

4.2. Design platform and tools

Parametric models can generate a very complex building ge-
ometry with a number of variables, rules, and constraints that
are defined by the designers. Several design software tools of-
fer parametric modeling features. Of these software options,
the integrated Rhino/Grasshopper program has widely been
used because of its powerful modeling capability, intuitive in-
terface, and abundance of plugins that greatly expand its func-
tionality. It also provides a ready-to-use GA plugin, Galapa-
gos, which can be used for optimization. Hence, this case
study uses Rhino/Grasshopper as the design platform. The
following is a complete list of current tools and techniques
used in this case study:

1. Rhinoceros (Rhino), a NURBS-based three-dimensional
modeling program;

2. Grasshopper, a visual programming plugin for para-
metrically editing models in Rhino;

3. Galapagos, a GA tool in Grasshopper; and
4. DIVA, a thermal and daylight simulation plugin for

Grasshopper. DIVA conducts daylight analyses for
Rhino models through Radiance and DAYSIM daylight
simulation engines.

The Galapagos-DIVA has been used in previous work for
daylight analysis and optimization in the early architectural
design process (e.g., Portugal & Guedes, 2012; Gallas &
Halin, 2013).

4.3. Baseline model

Here we present the simplified yet representative case study to
validate the two methods we propose: offline simulation and
D&C. The design problem is to find the optimal nursing unit
layout that would allow for the least travel distance for nurses
and a daylight illuminance that meets the LEED standard.
The layout of the nursing unit is defined by a set of parame-
ters, restrictions, and objectives. The parameters include con-
stants and variables. The constants include a 15�15 grid with
a total number of 225 cells, each measuring 15�15 ft. as pos-
sible room spaces; a central nurses’ station represented by the
blue square, sized 29 � 29 ft.; an 8-ft. corridor outside of
the central nurses’ station; the city of Boston as the location
of the building in DIVA; and a window size of 6�6 ft. in ev-
ery patient room. Figure 2 shows the constant parameters in a
possible layout solution; the small red (dark) squares repre-
sent the patient rooms.

The variables are the locations of 12 patient rooms. A
patient room can be located in any cell, with the following

restrictions: a patient room cannot overlap with any other
patient room, nurses’ station, or the corridor; and in order
to introduce natural light into each room, a patient room can-
not be surrounded by other rooms in all four directions. In
other words, at least one of the four cells surrounding each
room should be vacant for window opening.

In this case study, we convert two objectives into a single
objective by using a weighted sum of the objective functions
with predefined (architects’ subjective) weights. For both
travel distance and daylight illuminace, 100 points are given
as the highest fitness score. The total nurses’ travel distance is
calculated as the sum of the distances from the center of the
central nurses’ station to the centers of all the patient rooms.
The calculation of the nurses’ station to patient room distance
and the total distance are simplified in the case study. In a
practical situation, nurses’ walking distances are usually af-
fected by the distance from the nurses’ station to the patient
bed, following each nurse’s travel path and affected by the
order of that nurse’s activities. Neither daylight nor travel dis-
tance subfitness functions should be linear in the overall fit-
ness function. For daylight illuminance, losing the same
amount of daylight affects more a darker room than a brighter
room (Rutten, 2011; see Fig. 3 left). The same additional
increment of travel distance makes a nurse feel much more fa-
tigued, if that nurse has traveled a longer distance than some-
one who has just started a shift (see Fig. 3 right).

A fitness score of 100 is given to the nursing unit layout
with the shortest total travel distance possible, 388 ft. (see
Fig. 4, left), and 0 is given to the layout with the furthest total
travel distance possible, 1,708 ft. (see Fig. 4, right). For any
nursing unit layout solution, the fitness score for the travel
distance is defined as follows. (We chose the power of 2 in
the case study for simplicity of calculation.)

Fitnesstravel distance ¼ 100

�
1�

�
Distance� 388

1708� 388

�2�
,

388 � Distance � 1708:

Daylight illuminance is evaluated by the percentage of sensor
grid points in a room achieving a daylight illuminance level

Fig. 2. The constant parameters in a possible layout solution.
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between 110 and 5400 lux. In this case study, the above
percentage is 89% if all rooms face south and 70% if all
rooms face north (and in between for east and west). Fitness
values of 100 and 0 are assigned to rooms with south-facing
and north-facing windows, respectively. For any nursing unit
layout solution, the fitness score for daylight illuminance is
defined as follows:

Fitnessdaylighting ¼ 100

�
Sqrt

�
1� 89%� DaylightPercentage

89%� 70%

��
,

70% � DaylightPercentage � 89%:

According to LEED IEQ Credit 8.1 “Daylight and Views-
Daylight,” daylight illuminance simulations should be con-
ducted under clear sky conditions at two different times. In
this research, those times are 9 a.m. and 3 p.m. on September
21. Thus, in DIVA, “clear sky with sun” and “illuminance”
are selected for the sky conditions. However, DIVA can
only conduct simulations at a specified time point in each
run. In order to satisfy the LEED requirement, the optimiza-
tion process must run two separate times, one on September
21 at 9 a.m. and the other at 3 p.m. Although the setup of
both optimization processes have the same objectives and pa-
rameters (except the solar time) in DIVA, the results may be
different because daylighting conditions differ. We perform
both a 9 a.m. and 3 p.m. calculation in our case study.

The DIVA daylight simulation accuracy increases if more
sensors are used in the patient rooms. However, the more

sensors it uses, the more computing time it needs. Conse-
quently, designers should balance the need for accuracy with
the associated computing time, based on the project’s require-
ments. In the baseline model used in this research, 100 sensors
are evenly distributed in each room (1,200 sensors in 12 rooms
total) at the level of desk height. All simulations are run on a
standard laptop (ThinkPad series, Windows 7 64-bit, IntelR

Core
TM

2.50-GHz i5-2520M CPU with 8 GB of memory). In
Galapagos, the population size per generation is 50, initial
boost is 2, inbreeding factor is 75%, and maintain factor is
5%. For this particular study, a single run of the daylight sim-
ulation in DIVA requires approximately 1 to 2 min to com-
plete. However, when DIVA is associated with Galapagos in
the optimization process, it can be very time consuming;
each solution requires a simulation. In our experiment, 78 h
of DIVA run time þ Galapagos could only calculate 13 gen-
erations of the GA, and the results were not nearly optimal in
our examination. The complete optimization could take days,
which is not practical even for this simplified case study.

Here, we summarize the problems we encountered during
design optimization when using GAs and energy simulation
as the platform. Due to the limitations of the software (Grass-
hopperþGalapagosþDIVA), only one specific time of a day
(e.g., 9 a.m.) can be calculated per simulation. If design optimi-
zation involves a building simulation at a different time (e.g., 3
p.m.), the entire process must be reperformed. Thus, the infor-
mation from both building simulations cannot be combined
into one design optimization to find the optimal solution. De-
sign optimization is very time consuming. Most architectural
design projects have tight schedules. Therefore, it is unrealistic
for architects to spend days on one optimization problem.

4.4. Offline simulation

Because the current design optimization process has the
above-mentioned problems, offline simulation is introduced
to integrate multiple building simulations at different times
(e.g., 9 a.m. and 3 p.m.) into one optimization problem;
and to reduce computing time when a building simulation
is coupled with design optimization by separating the simula-
tion from the optimization process. We separate the building
simulation from the GA optimization process and conduct all

Fig. 3. (Left) The daylight illuminance subfitness function is nonlinear. (Right) The travel distance subfitness function is nonlinear.

Fig. 4. Unit layouts with the (left) shortest travel distance and (right) furthest
travel distance.
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required simulations in advance. This way, the simulation re-
sults can be reused in similar situations (e.g., all the rooms
with windows facing the same direction will have the same
daylight illuminance results in any GA generation and across
the generations), and time-consuming simulations will not
need to be run for each solution.

Because the locations of patient rooms are variables, one
question is how to define the window opening directions.
In terms of daylight, a very large window facing north and
a relatively small window facing south might both satisfy
the LEED daylight requirement. However, window-opening
directions not only affect the interior daylight level but also
have a significant impact on building energy consumption.
In LEED, a project can earn up to 24 points in the “energy
performance” category. The points that a building can earn
depend upon the percentage of improvement in building en-
ergy consumption as compared to its baseline performance.
This is calculated using a computer simulation model for
the entire project based on Appendix G of the ANSI/ASH-
RAE/IESNA Standard 90.1-2007 (ASHRAE, 2007). The
baseline model performance is defined as an average of the
results of four simulations from four orientations: the original
orientation of the building, and the orientation rotated by 908,
1808, and 2708. The results of the thermal energy simulation
using DIVA shows that the building consumes the least
amount of heating and cooling energy when the window is
facing south. The second best orientation is east, the third is
west, and the worst is north. Based on this analysis, we con-
clude that the window-opening priority order should be
south–east–west–north. Using this predefined priority list
saves time spent computing the GA; if the priority list is
not used, all possible directions must be included in the
search space and evaluated by the simulation and fitness
functions.

We divide the floor plan into four sections (see Fig. 5). A
VB Script node written in Grasshopper is used to implement
the following rules, the goal of which is to determine auto-
matically each window’s opening direction for the patient
rooms during the GA process: if the center of a room is in

Section 1, the priority of window-opening direction is south–
east–west–north. VB will check the availability of adjacent
rooms in the above sequence; if the center of the room is in
Section 2, the priority is west–south–east–north; if the center
of the room is in Section 3, the priority is north–south–east–
west; if the center of the room is in Section 4, the priority is
east–south–west–north. The center of a room is possible to
be on a line that separates two sections. The priority rules
for window-opening directions still hold in this situation: if
the center of the room is on the line that separates Sections
1 and 2, or 1 and 4, the room has a south window; if the center
is on the line that separates Sections 3 and 4, the room has an
east window; and if the center is on the line that separates Sec-
tions 2 and 3, the room has a west window. Patient rooms are
not required to be located next to the corridor. Any of the four
directions of every room is possible for window opening, fol-
lowing the priority rules.

In more realistic simulations than this present, simplified
study, further design modifications are required to make the
design more practical in real projects: if the patient rooms
are away from the corridor (not connected), additional corri-
dors need to be added into the design layout; if the door of a
room is blocked by other patient rooms, further modification
to the design layout is needed. For example, in Figure 5, one
room in the upper left corner needs access to the corridor.

One of the research questions can be stated as follows: be-
cause the parameters are consistently changing during the op-
timization process, how do we categorize the results of each
simulation so that each category of simulation only needs a
single simulation prior to the optimization process? For day-
lighting simulations, all patient rooms in this study share the
same parameters (room dimensions, window size and loca-
tion, building materials, number and location of sensors in
DIVA), except for room locations and window-opening direc-
tions. However, as long as the patient rooms have the same
window directions, the daylighting values of the rooms can
be regarded as also being the same (in a simplified experi-
ment, when shading is ignored). Based on this, the daylight
simulations of all patient rooms in this project can be simpli-
fied as simulating four patient rooms with windows facing
south, east, west, and north, respectively. Therefore, before
the start of GA optimization, a DIVA daylight simulation is
conducted to calculate the daylight level in every patient
room. The location of rooms does not matter for daylight
evaluation, only for walking distance calculation. The offline,
presimulated daylight illuminance levels of all directions
(south, east, west, and north) are used in the GA process. Dur-
ing the optimization process, although the room location and
the window-opening direction may change in any design so-
lution, we can obtain the daylight fitness score of the entire
design solution by counting the total percentage of sensors
that meet the LEED illuminance value.

Comparing the workflows of existing design optimizations
(see Fig. 6) and offline simulation-based optimizations (see
Fig. 7), the difference is that in offline simulation-based opti-
mizations, building simulations are performed prior to the

Fig. 5. The floor plan is divided into four sections in order to determine the
priority of window-opening directions. The windows’ locations are indicated
in the figure as dark line segments on the edges of the rooms.
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optimization process. This change can reduce a significant
amount of computing time. In this simplified case study, it
took the computer approximately 40 min to calculate 13 gen-
erations of the GA when using the offline simulation method
(plus about 8 min for the simulations of the four rooms with
windows facing the four different directions), while the exist-
ing method uses 13 h for 13 generations of the GA. However,
due to the large population size, although the obtained best
nursing unit layout is close to the (perceived) optimal solu-
tion (an elliptical layout of patient rooms surrounding the
nurses’ station), the improvement in solutions gets very
slow after the 13th generation. Again, improvements to the
GA process still need to be made.

4.5. D&C

The method of D&C is evaluated here in an effort to further
improve GA efficiency and save computing time. This

method suggests the use of a GA to search in subproblems
with fewer populations instead of the entire population. As
mentioned in Section 3.2, one requirement for the applicabil-
ity of D&C is that the decision variables are independent of
one another. This requirement can be satisfied in the present
case study. In this study, when all 12 genomes (room loca-
tions) are used in a GA, the total population size is 225�
224� . . .� 214 ¼ 1.249� 1028, where 225 is the number
of possible locations for the first genome, 224 is the number
of possible locations for the second genome after the first
genome has selected a spot, and so on. However, if only
one genome is used in one GA run, the population size can
be reduced to 225 for the first room, 224 for the second
room, and so on. The idea here is that instead of directly solv-
ing an optimization problem with 12 genomes, we solve an-
other equivalent problem: optimizing one genome at a time
for 12 times. Figure 8 shows the working process of the
nursing unit layout optimization when applying the D&C

Fig. 6. The traditional genetic algorithm optimization workflow.

Fig. 7. The improved genetic algorithm optimization workflow with offline simulation.
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method. Each time, one room is added to the previous result.
This way, the nursing unit layout optimization is completed in
20 min.

When the D&C method is applicable, we can further im-
prove the efficiency of the GA and simplify the GA coding
by linking only one genome (the decision variable) to the fit-
ness function. In this study, for the GA with the D&C method,
the fitness function for the travel distance is as follows (the fit-
ness function for daylighting remains the same in this study):

Fitnesstravel distance ¼ 100

�
1�

�
Distance� 30

143� 30

�2�
,

30 ft � Distance � 143 ft:

5. RESULTS

In this study, we convert a multiple-objective optimization
into a single-objective optimization by using a weighted
sum of the fitness functions with arbitrary weights. Figure 9
shows two optimization results with different weights in their
fitness functions. The image on the left is the result when
using equal weights for travel distance and daylighting. The
image on the right is the result when the weights between
travel distance and daylighting are 1:2. Although the optimal
solutions are consistent with our intuitive expectations re-
garding the results, which is not surprising, the important
point is the significant time savings when finding solutions

with our new methods. Table 1 shows a comparison of the
standard GA, a GA with the offline simulation method, and
a GA with both the offline simulation and the D&C methods
in terms of total time used, time used per generation, and
whether the optimal solution is found. For this nursing unit
optimization case study, using the existing method of GA op-
timization, the computer needs 78 h to finish 13 generations
of GA calculation (6 h/generation), and the final result is not
near optimal. By using offline simulation, the computing time
is significantly reduced (to 40 min) to finish 13 generations of
GA calculation (3 min/generation). However, even though 13
generations are not enough for finding the optimal layout, the
result is close to optimal. To further reduce computing time,
we experimented with the D&C method. This method pro-
vides a better chance of finding the peak of the fitness land-
scape by breaking a complicated problem down into subprob-
lems. When we combine offline simulation and D&C in this
project, no more than 24 generations in 20 min (50 s/genera-
tion) are needed to find the optimal layout (each subprob-
lem’s GA is stopped manually when no improvement is
observed and therefore more generations are calculated than
are necessary). In addition, the improved methods also help
reduce the size and complexity of the model definition in
the visual programming environment, Grasshopper.

6. CONCLUSIONS AND DISCUSSIONS

In this paper, we present two techniques (offline simulation
and D&C) to achieve a more efficient GA optimization.
The use of the two techniques demonstrates significant time
savings in the case study and provides a larger GA search

Fig. 8. The working process of the nursing unit layout optimization with the divide and conquer method.

Fig. 9. The final results of the nursing unit layout optimization with different
weights in the fitness functions: (left) fitness travel distance: fitness daylight-
ing ¼ 1:1 and (right) fitness travel distance: fitness daylighting ¼ 1:2.

Table 1. Comparison between standard GA and improved GAs

Methods Time
Time/

Generation
Optimal
Found?

Standard GA 78 h 6 h Not nearly
GA with offline simulation 40 min 3 min Close
GA with offline simulation and

D&C 20 s 50 s Yes

Note: GA, Genetic algorithm; D&C, divide and conquer.
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space in the same amount of time, which offer a better chance
of finding the optimal design. The use of GA in architectural
design has become a trend in design optimization. Currently,
however, only the general method of GA has been applied to
architectural problems. We have provided a new type of study
that utilizes architectural domain knowledge to customize GA
techniques, and as a result, we have significantly improved
the design optimization time.

The reason for selecting a simplified case study is that it is use-
ful to validate the methods and workflow. For a particular opti-
mization problem, how do we verify that the results are the real
optimized solutions, especially in healthcare design, when de-
sign problemsare usually very complex and involve multiple de-
sign objectives? For these kinds of complex problems, the opti-
mized solutions cannot be foreseen in order to verify the results.
However, we can convert a complex problem into simplified
versions of the original problem and experiment on the methods
and workflow with the simplified problems. We can then verify
the solutions for simplified problems by various techniques and
thus verify the methods. In contrast, it is generally impossible to
verify the solutions for a complex problem directly.

It is worth noting that the travel distance and daylighting
performance were selected as the sample design objectives
in this study among all quantifiable design objectives in-
volved in nursing unit design, which include construction
cost, energy consumption, equipment placement, and so on.
Both objectives were chosen because (1) travel distance and
daylighting are two of the most important concerns in nursing
unit design and (2) travel distance and daylighting may have
conflicting attributes because daylighting performance may
decrease when travel distance is reduced (depending on the
floor plan design), which needs to be confirmed by case stud-
ies. Both objectives can be substituted with other objectives
because the focus of this study is the developing and testing
of new optimization methods rather than studying the particu-
lar design objectives.

The tools used in this study, Rhino, Grasshopper, Galapa-
gos, and DIVA, are widely available existing tools that facil-
itate the development of the present methods. The methods
presented in this paper, however, are not tied to these tools.
Instead, the methods can be applied to similar tools, and
even new implementations of such tools in more efficient pro-
gramming languages.

We can use the D&C method to reduce computing time
in optimization problems when the original problem can be
broken down into several manageable subproblems. In the
case study, the D&C method required manual work to sepa-
rately start the GA for each subproblem in sequence, due to
limitations in the software. We expect future GA software pro-
ducts will be capable of automatically starting the GA for each
subproblem in sequence. The offline simulation technique is
beneficial when building simulations can be separated from
the optimization process and conducted in advance. The simu-
lation results can be reused in order to save computing time.

While we used simplified fitness functions for walking dis-
tance and daylighting performance, the daylighting simula-

tion does not use surrogate models or approximate simulation
models. Instead, offline or presimulation is used with the full
daylighting simulation, and the reuse of the offline simulation
results is conducted in the fitness functions of the optimization
process. The simplified fitness functions can be substituted
with more sophisticated fitness functions for different design
objectives, but the method of reusing offline simulation in the
process will remain the same for different design problems.

There are limitations in the use of the offline simulation
and D&C methods. In offline simulation, the simulation re-
sult of each genome is precomputed, so there is no mutual
feedback among genomes. For example, self-shading (e.g.,
a room may cast shadow to other rooms) is ignored in our
simplified case study; thus, the effect of shading was not in-
cluded in the daylight illumination result. If obstruction is
considered in more complex spatial layouts, offline simula-
tion may not be appropriate. One solution to this problem is
to find and precompute all possible shading situations in ad-
vance. This may increase manual labor and computing time
for offline simulation, but it can be assisted by scripting to au-
tomate the process. In a complex problem, designers may
need to optimize the total GA computing and offline simula-
tion time. The D&C method has a similar limitation. In D&C,
a genome that is newly added into a GA has no impact on the
genomes that have already been placed, but in actual prob-
lems, the genomes may be dependent (again, e.g., a room
may cast a shadow to other rooms affecting their illumina-
tion). When genomes are not independent of one another, de-
signers may group the subproblems into sets of subproblems
to enable feedback among genomes within each set of sub-
problems. Future study is needed to further examine and re-
solve the limitations of both offline simulation and D&C.

To discover these improvement techniques, architectural
domain knowledge was needed. For example, if two identical
rooms (same shape, same windows, and same shading) in a
building are facing the same direction, they have the same
illuminance at any given time because the sun is far enough
away that the difference in light angles between the two
rooms is negligible. Another example is that in many cases
in the Northern Hemisphere, the best window direction for
optimal thermal performance is south, followed by east,
west, and north. This knowledge was confirmed by our ther-
mal simulation and used in the offline simulation. To sum up,
designers can play an important role in improving optimiza-
tion efficiency. We should utilize architects’ design knowl-
edge to customize the optimization process, a process that
would significantly save in computing time and eventually
make optimization practical for architectural design.

In future work, the application of the methods to more com-
plex case studies with more detailed building models and
more sophisticated design objectives should be investigated.
We will also expand these techniques to Pareto optimization
for multiple design objectives. We will also investigate the
utilization of more specific design knowledge, for example,
evidence-based design knowledge found in research of health-
care facility design, and correlations or causal relationships
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among decision variables, among design solutions, and be-
tween decision variables and design solutions that can be ac-
quired from building science, postoccupancy evaluation, and
so on. When more specific or complex design knowledge is
embedded into a GA and its improvement methods with
more case studies, more interesting findings about the advan-
tages and limitations of techniques such as offline simulation
and D&C could be made. Guidelines can be developed about
when the techniques can be utilized and what kind of design
optimization problems can be applied.

REFERENCES

Abboud, K., & Schoenauer, M. (2002). Surrogate deterministic mutation:
preliminary results. In Artificial Evolution (Collet, P., Fonlupt, C., Hao,
J.-K., Lutton, E., & Schoenauer, M., Eds.), pp. 104–116. Berlin: Springer.

Ahn, K.-U., Young-Jin, K., Deu-Woo, K., Sung-Hwan, Y., & Cheol-Soo, P.
(2013). Difficulties and issues in simulation of a high-rise office building.
Proc. 13th Conf. Int. Building Performance Simulation Association,
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