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Abstract

When applying black-box optimization (BBO) algo-
rithms there seems to be a lack of guidelines on which
algorithm to select and how to properly tune their
algorithmic parameters. Many benchmarks are con-
ducted either on large sets of mathematical test func-
tions or on few building simulation problems. This
inhibits us from drawing generalizable conclusions
valid over the entire domain of building energy op-
timization (BEO). As a consequence, we argue that
BEO urgently needs a unified testbed for consistently
benchmarking and researching BBO algorithms. We
illustrate our point by conducting a Fitness Land-
scape Analysis (FLA) of several building simulation
problems using EnergyPlus, a solar potential simu-
lator and Fast Fluid Dynamics, and comparing it to
common mathematical test functions. For a num-
ber of FLA metrics we can demonstrate that build-
ing simulation problems differ significantly. Further-
more, by benchmarking a number of BBO algorithms
on a BEO and test function set separately, we show
that algorithm performance depends on the problem
set, thus leading to the conclusion that the domain
of building simulation requires a dedicated testbed to
facilitate the application of black-box optimization.

Introduction

Black-box optimization (BBO) algorithms (also:
derivative-free optimization, search heuristics or
metaheuristics) (cp. Audet and Hare, 2017) are gain-
ing popularity in both research and practice, but the
current research and knowledge gap includes a lack of
general guidelines on which algorithm to select and
how to properly tune their algorithmic parameters
(Evins, 2013; Nguyen et al., 2014). Several studies
try to answer these questions by benchmarking algo-
rithms on either mathematical test functions (Rios
and Sahinidis, 2013), or on only few building simula-
tion problems, which are also different from publica-
tion to publication (Wetter and Wright, 2004; Kämpf
et al., 2010; Hamdy et al., 2016). This inhibits us
from drawing generalizable conclusions valid over the
entire domain of simulation-based building optimiza-

tion. As a consequence, we argue that building simu-
lation urgently needs a unified testbed for consistently
benchmarking and researching BBO algorithms.

The BBO community conducts annual benchmark
competitions on a large set of mathematical test
functions and also recently introduced some real-
world problems from different domains (mechanical
and civil engineering, computer-science) (e.g. COCO
and BBComp)1,2. An important factor in real-world
problems are limited available resources for solving a
problem induced by evaluating a design proposal—
either using a time-expensive simulator or costly real
experiments—resulting in a relatively small evalu-
ation budget. This contrasts to the large evalua-
tion budgets used in the mathematical test functions,
which are unfeasible in real-world problems when the
function evaluation is expensive. Furthermore, we
state the hypothesis that building simulation prob-
lems exhibit features that can be used to discriminate
them from other domains and especially from math-
ematical test functions. Thus, it would be desirable
to undertake domain-specific BBO research to better
match requirements present in building simulation.

We corroborate our point in this paper by conduct-
ing a Fitness Landscape Analysis (FLA) of several
building simulation problems using EnergyPlus, a so-
lar potential simulator and Fast Fluid Dynamics and
comparing it with mathematical test functions. The
FLA provides us with various metrics showing the dif-
ference between simulation-based building problems
and test functions, thus leading to the rationale of es-
tablishing a specialized building simulation testbed.
Previous studies indicate discontinuities and highly
multi-modal cost landscapes in building energy opti-
mization problems (Wetter and Wright, 2004; Wort-
mann et al., 2017), but generalizable findings have
yet to be formulated.

In the following sections, we address the question
whether building simulation problems can be discrim-
inated from mathematical test functions. The nov-
elty is a quantified comparison of simulation-based

1http://coco.gforge.inria.fr/
2https://bbcomp.ini.rub.de/
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building design problems and mathematical test func-
tions using techniques from FLA, demonstrating how
such problems differ from each other. Furthermore,
we propose to establish a problem testbed related
to building simulation (energy demand, building sys-
tems, solar, CFD, etc.), which should facilitate a
transparent and systematic benchmarking of algo-
rithms. We demonstrate the benefits of such a
testbed with empirical numerical experiments and
problem analysis.

Optimization problems considered

We consider commonly used mathematical test func-
tions and building energy optimization problems us-
ing EnergyPlus (Crawley et al., 2000) 8.5.0, a so-
lar potential simulator (Waibel et al., 2017) and a
Fast Fluid Dynamics program (Waibel et al., 2017).
All problems are implemented using Rhinoceros 3D
Grasshopper (Rhino) as simulation platform. Each
problem is described briefly in the following sections;
they can be accessed online for reproducibility3.

The building energy problems have also been used
in a recent benchmark on global search algorithms
(Waibel et al., 2019). The present conference pa-
per provides additional content by presenting a Fit-
ness Landscape Analysis and quantitatively compar-
ing the simulation-based problems with mathematical
test functions. Also, the solar and airflow problems
were not included in Waibel et al. (2019).

Mathematical test functions

We include 5 mathematical test functions, found in
Kämpf et al. (2010), who conducted a benchmark
of their custom BBO algorithm on these test func-
tions and 2 building energy optimization problems.
The test function problems are denoted as ptf1 and
ptf5 (“Sphere” in n = 10 and 20, n being the prob-
lem dimension), ptf2 and ptf6 (“Ackley” in n = 10 and
20), ptf3 and ptf7 (“Rastrigin” in n = 10 and 20), ptf4
and ptf8 (“Rosenbrock” in n = 10 and 20), and ptf9
(“Constrained” in n = 13). The functions are given
in Kämpf et al. (2010).

For the benchmark presented later we shift the do-
mains of the test functions slightly, since the algo-
rithm DIRECT would otherwise identify the global
optimum (which for most test functions lies at xi =
0,∀i) at the first function evaluation4.

Building energy problems

We include 15 building energy optimization problems
from the literature (n = 4 to n = 35), denoted with
pbeo1 to pbeo15 . All use EnergyPlus as simulator, but
they use different variable types (geometry, construc-
tion types, control set points, etc.) and cost func-
tions. Originally, the building energy problems have
been published in Wetter and Wright (2004); Djuric

3https://github.com/christophwaibel/BEOBenchmark
4DIRECT’s deterministic procedure starts its search at the

domain center.

et al. (2007); Kämpf et al. (2010); Nguyen and Reiter
(2014); Ramallo-González and Coley (2014); Waibel
et al. (2016).

Solar problems

We include 2 solar optimization problems psol1 and psol2

that are reproduced based on Kämpf and Robinson
(2010) and Yi and Kim (2015). One problem (n = 31)
concerns the shape of building roofs in Switzerland
by altering the height of surface vertices with the ob-
jective to maximize total annual solar potentials in
kWh/m2a; the other problem (n = 8) concerns the
rotation and twist of residential high-rise buildings
in China with the objective to maximize days in the
year with at least 2 hours of direct solar access on the
building façades.

Airflow problems

We include 2 airflow optimization problems—pwnd
1

and pwnd
2 —in this paper. Both problems assume a

prevailing wind direction as a simplification. pwnd
1 ,

inspired by Wilkinson and Hanna (2014), concerns
wind load minimization of a high-rise building. The
two decision variables are the rotation of the bottom
and the top floorplan, which can twist the structure.
We develop a second wind problem with 12 decision
variables for rotating and positioning 4 cubic build-
ings. The objective is to maximize the natural venti-
lation potential of all buildings.

Fitness Landscape Analysis

Fitness Landscape Analysis (FLA) deals with the
study of the input-output relations of optimization
problems (Pitzer and Affenzeller, 2012). The word
“Fitness” is synonymous with the objective function
value and “Landscape” refers to the multivariate cost-
response f(xxx). In 2-dimensional problems, a visu-
alization is straightforward, as f(xxx) can be plotted
on the Z-axis. Many problems however have n > 2
and therefore techniques and metrics from FLA can
be utilized to visualize and quantify problem struc-
ture. FLA can be distinguished between “static” and
“dynamic”. The latter concerns the relation between
problem difficulty and a specific optimization algo-
rithm trying to solve this particular problem, whereas
static FLA is independent of the optimizer. As we are
interested in finding discriminating features between
test functions and building simulation problems, we
conduct a static FLA in this paper.

As FLA metrics we report Morris indices (a screening
global sensitivity analysis technique), fitness distance
correlation (FDC) that correlates the objective func-
tion (or cost) values with the distance of solutions
in variable space, and autocorrelation factors (ACF).
Generally, the specific units of the cost functions are
irrelevant (e.g. kWh, $, etc.) in our FLA, since we
normalize them such that we can use unified metrics.
Therefore, we omit the units in the following plots
and discussions.
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Fitness distance correlation

Fitness distance correlation has been introduced by
Jones and Forrest (1995) and reduces a multivariate
space into a single distance metric d, therefore allow-
ing to compute the correlation between d and f(xxx).
A large FDC value therefore shows a high correlation
between decision variables and the cost value. Conse-
quently, low FDC values may indicate higher problem
difficulty, as there is more ambiguity between variable
and objective space. Computation requires knowing
the global optimum; for the simulation-based prob-
lems we use the overall best found solution by all
optimizers xxx(∗).

We use Sobol sequences of size (n+2)×1000 to acquire
the samples for all problems except the solar and FFD
problems. For those 4 problems we used the much
smaller sample sizes using the same sequences as from
the Morris analysis and hence FDC values should be
ignored. We will conduct a larger sampling in future
work for the solar and FFD problems.

Figure 1: Fitness distance correlation plots for pbeo5

(top), pbeo9 (middle) and the Ackley test function ptf2
(bottom).

As an example, Fig. 1 shows FDC plots for pbeo5 , pbeo9

and ptf2 . Different patterns emerge for the different
problems: While ptf2 shows a clear trend in approach-
ing the global optimum (FDC = 0.72), pbeo5 has a sig-
nificantly higher spread (FDC = 0.45). For ptf2 this
might seem surprising given its known high degree of
ruggedness, but it reveals a strong global structure
with the unambiguous global optimum. The pat-
tern for pbeo9 looks different again with 5 stripes of
elongated point clouds, revealing the impact of the
penalty constraints (given in Waibel et al., 2019). It
has a FDC = -0.17, showing that this metric seems

to face limitations with more complex (i.e. nonlin-
ear) cost-distance distributions. Furthermore, from
the result of ptf2 it is shown that FDC does not capture
ruggedness. Still, the FDC values represent problem
difficulty reasonably well, which will also be reflected
in the benchmarking of optimizers shown later.

All FDC values are plotted as white squares in Fig. 3
for each problem respectively, summarized with other
FLA metrics. Most test function problems have an
FDC value of around 0.7, the sphere function ptf1 and
ptf10 are almost 1 indicating their relative easiness to
solve. Only the constrained test function ptf9 has an
FDC of around 0.5, making it similar to many BEO
problems. pbeo8 to pbeo10 have an FDC value near zero
(we round negative FDC to 0 for simplification), in-
dicating higher problem difficulty in these cases.

Autocorrelation

The autocorrelation of a timeseries is obtained by cor-
relating it with a delayed copy of itself, where the
number of steps of the delay is referred to as “lag”.
By computing the autocorrelation of a random walk
an idea of the “ruggedness” of a landscape can be
obtained and it therefore can serve as an indicator
of problem difficulty (Pitzer and Affenzeller, 2012).
High autocorrelation of a random walk indicates that
if one step yields an improvement of the cost value,
the subsequent step will likely also do. We propose
to compute the median of the autocorrelation factors
(ACF) from lag 1 to n+ 1 (i.e. one simplex gradient
k) to represent the degree of ruggedness of a problem,
which we denote as ρ.

Fig. 2 shows the ACF for pbeo5 , pbeo11 and ptf2 as an
example. The highly rugged landscape of the Ack-
ley function ptf2 can be recognized by its low auto-
correlation even with lag 1. pbeo5 on the other hand
shows high ACF even for longer lags, which indicates
that even farther steps in a random walk are con-
nected. pbeo11 has gradually decreasing ACF the longer
the lag, meaning that there is only an autocorrelation
in a random walk for immediately following steps. It
should be noted that the computed ACF need to be
interpreted in relation to the used step size of the
random walks (we used 2% of the problem domain).
Therefore, smaller step sizes might reveal a finer de-
gree of local ruggedness.

Fig. 3 shows the median ACF of lag 1 to n + 1,
ρ, visualized as star markers for all problems respec-
tively. The figure shows very high ρ up to 1 for
BEO problems 1 to 8, 13 and 14, slightly lower ρ
for BEO problems 9 to 11, and relatively small ρ of
0.6 to 0.5 for BEO problems 12 and 15. Both so-
lar problems and pwnd

1 also show relatively high ρ.
pwnd
2 is the simulation-based problem in our analysis

with the lowest ρ of around 0.3. The ρ values for
the test functions are as can be expected from their
known characteristics: The smooth problems Sphere
and Rosenbrock (ptf1 , ptf4 , ptf5 and ptf8 ) have very high
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Figure 2: Autocorrelation factors for lags 1 to n + 1
(= 1k) for pbeo5 (top), pbeo11 (middle) and the Ackley
test function ptf2 (bottom).

ρ of up to 1; the increase of problem dimension from
10 to 20 does not seem to have a significant impact
on this metric. Furthermore, the rugged problems
Ackley and Rastrigin (ptf2 , ptf3 , ptf6 and ptf7 ) have as
expected very low ρ values. The constrained problem
ptf9 shows relatively high ρ similar to BEO problems
9 to 11 and both solar problems.

Morris sensitivity analysis

As an additional FLA step, we apply the Global Sen-
sitivity Analysis (GSA) method of Morris, which was
introduced in (Morris, 1991) and extended in (Cam-
polongo et al., 2007). The aim is to identify the most
important input parameters of a model with regards
to output variations. Thus, it can be used for FLA
in order to determine how many and which decision
variables have the biggest impact on the cost function
of an optimization problem.

As a measure of parameter importance, the Morris
method calculates a metric µ∗

i per model decision
variable with larger values indicating higher impor-
tance. To compute the Morris metric r ·(n+1) model
evaluations are required, where r is a value with
a minimum suggested value of 4-10 (Saltelli et al.,
2004). Although µ∗

i is considered a primarily quanti-
tative measure, it can give an indication of how much
more significant a variable is compared to another
one.

Fig. 3 shows the µ∗ values for each variable and
each problem respectively normalized by their total
sum (||µ∗

i || = µ∗
i /

∑
µ∗
i ) to allow easy comparison

of results between models. The figure furthermore
groups decision variables into “geometry” (e.g. as-
pect ratios, window-to-wall-ratios, surface vertex po-
sitioning), “construction” (e.g. wall or window types,
heavy or light weight, etc.), “energy system” (e.g.
control set points, radiator sized, etc.) and “test func-
tion”.

Besides the “families” that the most important vari-
ables belong to, it is also of interest whether for
each problem only a few variables are significant or
whether there is a more balanced contribution. To
quantify this, for each problem we calculate the Co-
efficient of Variation (cv) of the normalized Morris
metrics, which is defined as the ratio of the standard
deviation to the mean of the ||µ∗

i ||. cv takes high
values when few variables are important and many
are unimportant, and low values when most variables
exhibit similar importance levels.

In Fig. 3, for instance, pbeo1 to pbeo3 have low cv val-
ues, since three out of the four parameters are simi-
larly important. Conversely in pbeo7 and pbeo14 , the cv
metric is higher since one variable is highly impor-
tant. The most striking finding is that for almost all
test function problems, the cv metric has a value of
almost 0, while for most of the BEO and solar prob-
lems the value is higher. This indicates that there are
some “structural” differences between the test func-
tions and the simulation-based problems, since in the
latter most commonly just a few variables are primar-
ily responsible for the variations of the cost function
of interest.

Benchmarking optimization algorithms

In this section we compare the performance of many
global black-box optimization (BBO) algorithms in
solving the simulation-based problems and mathe-
matical test functions, to investigate the hypothesis
that there is no single algorithm that outperforms all
others on the complete problem set. Furthermore,
we are interested in finding performance differences
between algorithms depending on the problem type,
i.e. are some algorithms particularly good at test
functions and others at building energy optimization
(BEO) problems? We conduct 20 optimization runs
per algorithm for each BEO problem and 5 for each
solar, FFD and test function problem. We present the
performance comparison using normalized boxplots,
convergence graphs and a ranking matrix. For the
boxplots and convergence graphs we show results sep-
arately for the BEO problems and the test functions
and omit the solar and wind problems5. However, all

5We are trying to find whether there is a noticeable differ-
ence in performance of an algorithm for a certain set of prob-
lems (BEO or test functions), and we would need to include
more solar and FFD problems to have a reasonable test set.
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problems are included in the ranking matrix.

Algorithms considered

We include the following algorithms in our bench-
mark: RBFOpt6 (Costa and Nannicini, 2018) and
CMA-ES7 (Hansen et al., 2003) implemented in
Rhino with Opossum8; the DIRECT (Jones et al.,
1993) implementation from NLOpt9 coupled to Rhino
with Goat10; Simulated Annealing (SA) (Kirkpatrick,
1984) which is installed by default in Rhino; and a
simple Genetic Algorithm (SGAA) (Goldberg, 1989)
and a Particle Swarm Algorithm (PSOA) (Eberhart
and Kennedy, 1995) with tuned algorithmic param-
eters (Waibel et al., 2019)11, as well as an untuned
version of the PSO, PSOunt from the open-source li-
brary BB-O12. The same algorithms have been used
in Waibel et al. (2019), which lists the algorithm pa-
rameters. Default parameters have been used for all

6https://github.com/coin-or/rbfopt
7https://pypi.org/project/cma/
8https://aal.sutd.edu.sg/opossum/
9http://ab-initio.mit.edu/nlopt

10http://www.rechenraum.com/goat/
11It should be noted that the tuning for SGAA and PSOA

was applied using an evaluation budget of k = 100 and there-
fore might not yield good results for the much shorter k = 30
used in this paper.

12https://github.com/christophwaibel/BB-O

algorithms other than SGAA and PSOA.

Results

Fig. 4 shows the ranked performance of all algorithms
per problem, with rank 1 being best. Performance is
defined as the median cost value achieved by all op-
timization runs of an algorithm per problem. The
figure demonstrates that there is no single algorithm
that outperforms all others on the complete set of
problems. SA performs very well on many BEO and
test function problems, but ranks worse for pbeo15 and
all solar and FFD problems. DIRECT performs well
on many problems as well, however shows the worst
performance for pbeo14 , ptf5 , ptf6 and ptf9 . For RBFOpt it
is interesting to note that it performs best for many
test functions. Similar observations can be made for
all algorithms: they only show good performance on
a subset of the problem set. There is no single algo-
rithm dominating all others on all problems, or under
all conditions (low versus high k, other performance
metrics, etc.).

Fig. 5 shows normalized13 boxplots and convergence
graphs of the cost values. The convergence graphs

13The normalization of the cost values is conducted with
the worst and best optimal solution found at k = 30 by all
algorithms.
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show the median cost values of all runs per algorithm
as a function of k, the boxplots are for k = 30 only.
As mentioned earlier, Fig. 5 separates results for the
set of BEO and the set of test function problems and
omits the solar and FFD problems. For the BEO
problems the boxplots show close median values up
to ||f(xxx)|| = 0.1 achieved by all algorithms, with SA,
PSOA, SGAA and RBFOpt having the best median
values. However, RBFOpt shows the best (i.e. small-
est) spread demonstrating its general robustness. DI-
RECT and PSOA also have a low spread albeit with
some outliers. Comparing the boxplots of the BEO
problem set to those of the test function set shows
that SA and RBFOpt are the best regarding median
and spread. DIRECT, PSOA and SGAA also have
reasonably low median values but significantly higher
spreads.

Most striking in the convergence graphs is how fast
RBFOpt achieves low cost values for the test func-
tion set and maintains its unassailable lead until the
final evaluation count k = 30. However for the BEO
problem set, this algorithm loses first place to PSOA
at around k = 15 and is overtaken by SA at k = 20
and SGAA and DIRECT coming close at k = 30.

Discussion

Synthetic BEO test functions?

It appears that benchmarks from the heuristic opti-
mization community often try to achieve a high gen-
erality, i.e. that an algorithm is good at as many

different problems as possible. Burke et al. (2009)
propose that an algorithm should perform well on as
many different problems as possible, rather than be-
coming good at a certain type of problem. However,
we argue that by doing so we lose the potential to
design or calibrate an algorithm such that it becomes
especially effective and efficient in a certain problem
domain—e.g. building simulation.

Our fitness landscape analysis (FLA) results indi-
cate that there are distinct features present in one
problem domain not present in another (e.g. signif-
icantly lower FDC values and significantly higher ρ
and cv in BEO than in test functions). The next
step would be to discriminate simulation-based prob-
lems in the domain of building simulation from other
domains and especially from mathematical test func-
tions. This would incentivize the development of spe-
cialized building-simulation optimization algorithms
with superior performance in this domain. This con-
cept also coincides with the “No Free Lunch” theorem
in optimization, which can be interpreted as stating
that if we improve the performance of an algorithm in
one domain, we decrease its performance in another
(Wolpert and Macready, 1997).

One way of systematically discriminating problems
would be to use clustering techniques on a large
problem set according to a number of FLA metrics
(such as FDC, ρ and cv). This would show us (dis-
)similarities amongst problems and group them to-
gether meaningfully. However, open questions re-
main: which features are significant and most useful
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for clustering (i.e. information gain)? Are the pres-
ence of constraints, discrete variables, or the type of
variable (geometry, construction, energy system etc.),
or even the type of simulator (EnergyPlus, FFD, solar
model) meaningful features for discrimination? And
how large should the problem set be in order to con-
duct a sufficiently generalizable clustering?

Such questions should be addressed in future work,
but certainly more real-world building design prob-
lems should be included in an analysis, along with
more FLA metrics. The problems included in this pa-
per do not provide a large enough data set for drawing
sufficiently confident conclusions for creating problem
clusters. The FLA metrics, while giving hints on cer-
tain structural differences between simulation-based
problems and mathematical test functions, are not
entirely unambiguous.

Given a larger set of representative building-
simulation problems, a thorough FLA and cluster-
ing could provide us with the information to create
synthetic training functions that well-represent BEO
problems. These could be used when designing or
tuning BBO algorithms instead of the generic math-
ematical test functions currently used.

Building energy optimization competition

On a final note, based on the above conclusions
we propose a building energy optimization competi-
tion, similar to those for general optimizers (GECCO,
CEC, COCO, BBCOMP, etc.). This would pro-
vide a standard benchmark for testing and develop-
ing optimization algorithms suitable for building en-
ergy problems. It would incentivize improvements
to algorithms specifically aimed at building simula-
tions. Subcategories could include CFD or FFD,
building energy, solar, energy systems and network
design problems as well as many others. The com-
petition could be part of the bi-yearly IBPSA con-
ferences, and could also run on a rolling basis online.
Results would span various metrics, allowing the best
algorithms to be listed for each problem type, metric
etc.

The competition could be structured in various ways.
An online platform could conduct the evaluation calls,
thus tracking the calls per competitor. Black-box ex-
ecutable files could be provided that also log evalua-
tion calls. Synthetic training functions could be fit-
ted using machine learning, avoiding the need for real
simulators to be executed every time. These could
be based on a very dense sampling of the problem
space, or even brute-force evaluation of all solutions
if the problem is discrete. Problems could also be ran-
domized, to avoid algorithms being over-tuned to the
particular problem instances used in the competition.
Ideally the problems, which could change periodically,
would remain entirely unknown to the participants.
Details of problem characteristics could be provided,
or left to the competitors to discover.

As a starting point, we provide the open-source BEO
problem testbed14 from Waibel et al. (2019). This is
already more extensive than all previous building en-
ergy optimization benchmarks. The benchmark can
be expanded to include other published problems.
The next step will be to collate user-submitted algo-
rithms and associated results15 on a website, allowing
visitors to see the best algorithms across the problems
and metrics used in this paper.

Summary and conclusion

This paper conducted a fitness landscape analysis
(FLA) of a set of simulation-based building energy
optimization (BEO), solar and air flow problems and
compared their problem structures to those of com-
mon mathematical test functions. The FLA revealed
that BEO problems are significantly different to test
functions for a number of FLA metrics, such as fit-
ness distance correlation, coefficient of variation, and
autocorrelation factors.

We compared the performance of a number of global
black-box optimization (BBO) algorithms and found
that there is no single algorithm that outperforms all
others for the complete problem set. The benchmark
and the FLA together indicate that it is possible to
discriminate simulation-based building design prob-
lems from other domains and specifically from math-
ematical test functions. Discipline-specific problem
characteristics should therefore be exploited in the
improvement of optimization algorithms, rather than
advocating a higher generalization such as an algo-
rithm that performs well overall but sacrifices perfor-
mance in the domain of building optimization.

To facilitate developments in BEO we provide an
open-source test bed of EnergyPlus problems, as pub-
lished in Waibel et al. (2019). Furthermore, we pro-
pose regular optimization competitions, providing the
framework for researchers to benchmark their own
BBO algorithms. This would support the develop-
ment of better algorithms and ultimately facilitate
more effective use of optimization in real-world build-
ing design problems.
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