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Using an integrated workflow with parametric design, Computational Fluid
Dynamic (CFD) and Fast Fluid Dynamic (FFD) simulations, structural analysis
and optimization, this paper evaluates the relative suitability of CFD and FFD
simulations for Aerodynamic Shape Optimization (ASO). Specifically, it applies
RBFOpt, a model-based optimization algorithm, to the ASO of a supertall
high-rise. The paper evaluates the accuracy of the CFD and FDD simulations
relative to a slower, more exact CFD simulation, and the performance of the
model-based optimization algorithm relative to CMA-ES, an evolutionary
algorithm. We conclude that FFD is useful for relative comparisons, such as for
optimization, but less accurate than CFD in terms of absolute quantities.
Although results tend to be similar, CMA-ES performs less well than RBFOpt for
both large and small numbers of simulations, and for both CFD and FFD.
RBFOpt with FFD emerges as the most suitable method for conceptual design, as
it is much faster and only slightly less effective than RBFOpt with CFD.

Keywords: Aerodynamic Shape Optimization, Computational Fluid Dynamics
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INTRODUCTION
Simulation-based optimization is an increasingly
popular computational method for designing more
resource- and energy-efficient buildings. Compu-
tational designers combine parametric models with
structural and environmental simulations to auto-
matically find well-performing design candidates

and to inform further iterations in design processes.
Recent research has investigated the efficiency of
single-objective algorithms when paired with struc-
tural, building energy, and daylight simulations
(Waibel et al. 2019; Wortmann 2019). This re-
search shows that, the popular genetic algorithms
(GAs) often are much less efficient than other al-
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gorithms, for example model-based ones. Model-
based algorithms create and refine surrogate mod-
els (i.e., fast-to-compute low fidelity approximations
of high-fidelity simulations) during optimization pro-
cesses, and thus can find well-performing designs
much more efficiently.

This paper uses RBFOpt (Costa and Nannicini
2018), a model-based optimization algorithm, to op-
timize theaerodynamic shapeof ahigh-rise in Shang-
hai to reducewind loads. To the knowledgeof the au-
thors, model-based algorithms have so far only been
applied to aerodynamic shape optimization (ASO) in
the context of airplane wing design (Bartoli et al.
2019). RBFOpt has been developed specifically for
the optimization of black-box optimization problems
with expensive (e.g. time intensive) evaluation, of
which ASO is a prime example. ASO can significantly
reduce wind loads, and thus the structural require-
ments, for high-rises. But the particularly long run-
times of computational fluid dynamics (CFD) simula-
tions have so far not allowed the application of opti-
mization algorithms that require hundreds or thou-
sands of steps to find good solutions, such as GAs.
Prior work in ASO for tall building design has either
used GAs and simplified CFD simulations - so called
fast fluid dynamic simulation (FFD) - or used manual
“optimization”.

Using an integrated workflow with parametric
design, CFD and FFD simulations, structural analy-
sis and optimization, this paper presents an evalua-
tion of the relative suitability of CFD and FFD simu-
lations for ASO, and the, to the knowledge of the au-
thors, first application of amodel-based optimization
algorithm to the ASO of high-rises. The paper evalu-
ates the accuracy of CFD and FDD simulations rela-
tive to a longer, more exact CFD simulation, and the
performance of the model-based optimization algo-
rithm relative to an evolutionary one. The paper thus
demonstrates the viability of model-based optimiza-
tion for ASOof high-rises and quantifies the potential
benefits of this approach.

BACKGROUND
ASO is a relatively recent topic of research, which has
been enabled through advances in both hardware
and software.

Aerodynamicshapeoptimizationwithcom-
putational fluid dynamics
CFD simulations describe the flow of fluids, heat and
concentrations of species (e.g. pollutants) within an
enclosure based on conservation equations of mass
and energy (Anderson 1995). These physical quan-
tities are described as partial differential equations
(PDEs), since the enclosure (also: domain) is dis-
cretized into finite volumes or finite elements. For
many building engineering applications of CFD, tur-
bulencemodelling is essential, with the standardκ−
ϵ model being the most common. Numerically, the
PDEs are solved with iterative approximation meth-
ods, which explains the high computational cost of
CFD approaches.

Malkawi et al. (2003) present an early example
of optimizing a CFD model with a genetic algorithm
(GA). However, the example geometry is a relatively
simple, rectangular box. This simplicity likely is to
due time-constraints relative to the available hard-
ware. Chang (2013)manually “optimizes” the aerody-
namic performance of high-rise geometries by qual-
itatively evaluating several different shapes and se-
lecting thee promising ones for CFD analysis, pre-
sumably because using a standard optimization al-
gorithm, such as a GA, would require too many CFD
simulations, and thus too much time. Liu et. al
(2018) use a GA to optimize environmental comfort
in terms of daylight and wind. They test five differ-
ent urbanmorphologies in nine districts with awind-
speed of 4m/s. This windspeed is much lower than
the ones used for aerodynamic shape optimization
(ASO). They state that the long time required for the
CFD simulations reduces the optimization’s effective-
ness. Bartoli et al. (2019) presents the application of a
global, model-based optimization algorithm to aero-
dynamic wing design. Model-based algorithms are
designed for applications with time-intensive func-
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tion evaluations such as CFD simulations (Holmström
et al. 2008). This paper applies a similar algorithm,
RBFOpt (Costa andNannicini 2014) in an architectural
context, specifically to the ASO of a high-rise.

Aerodynamic shape optimization with fast
fluid dynamics
Fast Fluid Dynamics (FFD) can be understood as a
simplified CFD simulation with faster solving time
but lower model fidelity. It was originally intended
for computer visualization, where the impression
of physics, alongside solver stability and efficiency,
are more important than physical correctness (Stam
1999). Since its introduction, several studies have in-
vestigated the applicability of FFD to building design
(Zuo and Chen 2009; Jin et al. 2013). Chronis et al.
(2011) combine a GAwith FFD to optimize the shape
of a canopy with 21 variables, because “through the
use of less accurate but also computationally less de-
manding approaches, CFD simulations may be able
to be applied . . . at earlier design stages”. They
run tens of thousands of simulations in their exper-
iments, which would be infeasible with CFD, but do
not perform an accuracy comparison with CFD. Simi-
larly, Waibel (2012) combines a Simulated Annealing
algorithm with FFD to improve the ventilation effec-
tivity of wind cowls. Waibel et. al (2017) present an
implementation of FFD for Grasshopper, a popular
platform for parametric design, simulation and opti-
mization, to allow optimization in conceptual design
phases. They compare the accuracy of CFD and FFD
andachievegood results for “simple validation cases”
but confirm that “FFD has low accuracy in predicting
velocity distributions in the wake regions behind ob-
stacles”. In summary, FFD seems well suited for tran-
sient indoor flows, but requires care when used it for
turbulent cases with high Reynolds Numbers, such
as flow around buildings. But FFD is very suitable as
an early-stage design tool, as the conclusions drawn
from using FFD are generally pointing towards the
right direction. Through a comparison with CFD, this
paper aims to evaluate the suitability of FFD for ASO
of high-rises in conceptual design phases.

Integrating aerodynamic shape optimiza-
tionwith structural analysis
Estrado (2019) presents an ASO workflow in
Grasshopper that also integrates structural analy-
sis. Like this paper, he uses the open source But-
terfly (Sadeghipour Roudsari 2019) for CFD simula-
tions with the open source CFD toolbox OpenFOAM
(2019), Karamba (Preisinger 2019) for structural anal-
ysis andOpossum (Wortmann 2016) for optimization
with RBFOpt. He considers using FFD, but ultimately
chooses CFD due to the former’s lower accuracy, es-
pecially for complex geometries. He suspects the
difference in accuracy between the two simulators
results from different meshing techniques. This pa-
per combines parametric modelling, wind simula-
tions and structural analysis for an integrated ASO
process. It extends existing studies with a perfor-
mance comparison of two optimization algorithms
(themodel-basedRBFOpt and theevolutionaryCMA-
ES (Hansen and Ostermeier 2001)) and two different
simulation models (CFD and FFD) in terms of effec-
tiveness and accuracy, respectively.

METHODOLOGY
To test the performance of the two optimization al-
gorithms and the accuracy of the two simulators, we
employ a workflow that integrates parametric mod-
elling, CFD and FFD simulations, structural analysis
and optimization in Grasshopper. We use Grasshop-
per, the visual programming environment of the
3D modelling software Rhinoceros, because (1) the
availability of (mostly free) analysis and optimization
tools, (2) the openness of its software development
toolkit, which has allowed the authors to develop
their ownFFDandoptimizationplug-ins for it, and (3)
it’s popularity among architectural designers, which
ensures the practical relevance of this study.

Parametric model
We use a 300-meter, supertall high-rise in Shang-
hai as a test case. The site is near an old indus-
trial water works in Shanghai that awaits redevelop-
ment. In China, many high-rises have been designed
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and constructed in the past decade, which under-
lines the need for more efficient high-rise designs.
For simplicity, we assume that the high-rise contains
only offices, with 75 floors and a consistent floor-to-
floor height of four meter. The tower is radially sym-
metric. Seven horizontal control polygons, which
are spaced equally along the tower’s height, para-
metrically control the tower’s shape (see figure 1).
These control polygons are hexadecagons, i.e., reg-
ular, sixteen-sided polygons. Their radii can vary be-
tween 10 and 20 meters, resulting in hexadecagons
with edge lengths between3.9 and7.8meters. These
edge lengths are suitable for the structural system,
which consists of floor slabs held by a central core
and a ring of external, inclined columns.

The model interpolates the roof’s and floors‘
shapes between the control polygons, yielding 76
hexadecagons with varying radii. Since the hex-
adecagons’ vertices are aligned, connecting corre-
sponding vertices in order of height (i.e., the first ver-
tex of all polygons, the second vertex of all poly-
gons, etc.) yields inclined columns, and - when
also connecting neighboring pairs of vertices - trape-
zoids, which define the tower’s climate enclosure. For
the fluid dynamics simulations, the model combines
these trapezoids into a single quad mesh. We scale
the resulting design candidates to have a constant
gross area of around 50,000 square meters.

In summary, the parametric model has seven
continuous variables that control the tower’s shape.

Figure 1
Generation steps of
the parametric
model.
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The model produces (1) a fluid dynamics model con-
sisting of a single quad mesh and (2) a structural
model consisting of horizontal polylines that define
the slabs’ outlines and vertical polylines that define
the external columns. This output of different types
of geometry from the same model allows us to inte-
grate different kinds of simulations into a single opti-
mization workflow.

CFD simulations
For the CFD simulations, we use a domain of 5500
x 3000 x 1500m (X, Y, Z) with a cell size of 5m.
Since, at the time of writing, we are not able to de-
lineate between various periods of wind measure-
ments (3-second gust, 10minute mean, mean hourly
etc.), we adjusted the input wind speed to provide
the desired wind pressure response. We set a wind
speed of 35m/s at 10m above ground to produce
a realistic static equivalent normal windward pres-
sure of around 5KPa at the three-quarter height of
the tower. This approach ensures realistic results
through a reasonableweightagebetween lateral and
gravity loads.

With an Intel Xeon CPU E5-2660 v2 with 2.20GHz
and ten threads, a single simulation with CFD takes
an average of 27 minutes to construct the wind tun-
nel, prepare the analysis mesh and to solve the re-
sulting case, even when we calculate just 50 simula-
tion iterations. For early design stages, this computa-
tional cost may be prohibitive. We use 50 simulation
iterations during the optimization and validate the fi-
nal results with a more accurate, but much slower,
CFD simulation with 600 iterations. We use the de-
fault turbulence model in Butterfly for steady incom-
pressible flows, RNG k-epsilon (Yakhot et al. 1992).

FFD simulations
Weuse an FFDplugin for Grasshopper that links to an
open-source C# library (Waibel et al. 2017). We use a
domain of 350 x 200 x 400m (X, Y, Z) with a cell size
of 5m in a regular Cartesian grid. The inflow profile
is the same as in Butterfly, with a surface roughness
of 1.0 m and a wind speed of 35m/s at 10m above
ground. Other settings used in our FFD simulations

are: 1.511e-5 kinematic viscosity, 1e-4 tolerance and
maximal 10 iterations for the Jacobi solver, and 2nd
order back-tracing. The simulation horizon is 30 with
dt=0.5, resulting in 59 iterations. We use the aver-
age pressure values of the last five iterations as our
simulation result. Figure 2 shows the convergence of
the average p,u,v and w residuals for an FFD simula-
tion of the case study. An average simulation of our
high-rise model takes about four minutes. This FFD
implementation (as most others) employs a rectan-
gular grid for the analysis mesh. Therefore, reading
values from curved surfaces such as the case study
in this paper inherently introduces errors (see figure
3). But, despite the lower accuracy of FFD relative to
CFD, the fact that its speed enables more optimiza-
tion steps makes it potentially very relevant for ASO.

Figure 2
Residuals of an FFD
simulation of the
case study.

Figure 3
Original mesh (left)
vs Geometry
discretization in
FFD (right).
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Structural analysis
We use Karamba, a Grasshopper plugin, for struc-
tural analysis. Karamba enables the optimization to
be conducted within the Grasshopper environment.
Karamba is no replacement for code-based struc-
tural analysis software, but offers a quick and effi-
cient means to calculate the relative benefits of dif-
ferentdesigncandidates in engineeringpractice. The
structural model is based on the same parametric
model used to define the shape for ASO. The radially-
arranged, inclined columns (sixteen per floor), floor
slabs and core provide a realistic structural frame as
the basis of the optimization. The RC floor slabs‘
thickness is 30cm and the round columns’ diameter
150cm. The unchanging RC core has a diameter of
10 meters and a wall thickness of 100cm.

Weapply threegravity loads to the floor slabs: (1)
Self-weight, (2) a superimposed dead load of 2.5KPa
to represent a reasonably lightweight office configu-
ration and (3) a live load of 2.5KPa. We apply the re-
sults fromCFDor FFDaswind loads- specifically, hori-
zontal force and torsion - to the diaphragm centers of
thefloors (see figure 4). Since the tower is rotationally
symmetric, it suffices to consider only onewinddirec-
tion. (Because wind from different directions affects
the tower’s structure equally.) Following Eurocode,
we combine gravity and wind load cases into seven
load combinations that are applied to each design
candidate. For optimization, we evaluate the design
candidates according to the worst displacement re-
sulting from the seven load combinations.

Figure 4
Screenshot of the
structural model.
Gravity loads in
orange and wind
loads in red and
purple.

Optimizationmethodology
Since the CFD simulations take about seven times
longer than the FFD simulations, we budget 100
function evaluations, i.e., simulations, for optimiza-
tion with CFD, and 1,000 function evaluations for op-
timizationwith FFD.We use the two best-performing
optimization algorithms from an extensive bench-
mark on building energy problems: RBFOpt and
CMA-ES (Waibel et al. 2019). In this benchmark, RB-
FOpt was the best-performing algorithm for small
function evaluation budgets (i.e., numbers of sim-
ulations), and CMA-ES the best-performing one for
large budgets. RBFOpt and CMA-ES also were the
most robust algorithms. Weperformonly a single run
per algorithm, but the algorithm’s robustness pro-
vides ameasure of confidence in the optimization re-
sults. Both algorithms are available in Opossum for
Grasshopper (Wortmann 2017).

RESULTS
Toevaluate theperformanceof theRBFOpt andCMA-
ES algorithms, as well as the relative accuracy of the
CFD and FFD simulations, we analyze the best results
from a single run of six ASO methods: 100 function
evaluations for CFD (RBFOpt 100 CFD and CMA-ES
100 CFD) and FFD (RBFOpt 100 FFD and CMA-ES 100
FFD) and after 1,000 function evaluations for FFD (RB-
FOpt 1000 FFD and CMA-ES 1000 FFD). We compare
these results to the base case of a cylindrical tower
(see table 1 and figure 5). To evaluate the perfor-
mance of the CFD and FFD simulations, we retest the
best result from each run with a much longer CFD
simulation with 600 iterations.

All six optimized solutions are similarly bottle-
shaped,whichminor variations in thebottles’ ”necks”
(see figure 5). The resulting pressures and displace-
ment are similar as well. But, in comparison with the
base case, these pressures and displacements are re-
duced by up to 67% (see table 1). Of the two tested
algorithms, RBFOpt is better for both simulators and
function evaluation budgets. For example, the maxi-
mum displacement of RBFOpt 100 FFD is better than
the results from CMA-ES 100 FFD and CMA-ES 1000

42 | eCAADe 38 - D1.T1.S1. DESIGN AND COMPUTATION OF URBAN AND LOCAL SYSTEMS – XS to XL - Volume 1



Figure 5
The best results of
the six ASO
methods.

FFD. These results show the effectiveness and effi-
ciency of model-based optimization for ASO.

For both RBFOpt and CMA-ES, 100 optimization
stepswith CFD took about 45 hours, but only about 6
hours for FFD. 1,000 optimization stepswith FFD took
about 60 hours (see table 1). But the variable values,
resulting shapes (see figure 5) and simulation results
from 100 optimization steps with FFD are quite sim-
ilar to the others and result in similarly low displace-
ments (see table 1). As such, RBFOpt 100 FFD seems
the best method for conceptual design.

When retesting the optimization results with
more accurate CFD simulations (with 600 instead of
50 iterations), the differences between the methods
increase, and 100 optimization steps with CFD be-
comes relatively better (see table 1). Note that the
displacements from the more accurate CFD simula-
tion are about twice the displacements from FFD and
the less accurate CFD simulations. In other words,
CFD with low accuracy and FFD can serve as effec-
tive guides for optimization, but simulation results

should be understood only relatively and not as ab-
solute quantities. Based on the more accurate CFD
results, CFD RBFOpt 100 is the best solution, but RB-
FOpt FFD 100 is only 1%worse and about eight times
faster. As such, based on these results, RBFOpt FFD
100 is the best ASOmethod for concept design.

CONCLUSION
This paper presents an integrated ASO workflow of
parametric design, wind simulations, structural sim-
ulation and optimization. It shows that CFD and FFD
simulations can serve as effective guides for opti-
mization. Although both the CFD and FFD simula-
tions used for optimization systematically underes-
timated pressure values, ASO resulted in up to 67%
percent reductions of maximum displacements. The
solutions from all optimization runs were similar for
both optimization algorithms (RBFOpt and CMA-ES),
simulation models (CFD and FFD) and for 100 and
1,000 function evaluations. But the model-based RB-
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Table 1
Variable values,
runtimes and
simulation results
for the base case
and the best results
of the six ASO
methods.
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FOpt in combination with 100 FFD simulations is the
fastest ASOmethod for concept design, and only 1%
worse than the best solution, whichwas foundby RB-
FOpt with 100 CFD simulations. ASO with RBFOpt
and FFD yields results in hours rather than days and
thus holds great promise to improve the sustainabil-
ity of future high-rises by reducing the amount of
materials required for lateral stability already during
concept design. Future research will further examine
the relative accuracy of CFD and FFD, for example by
tuning the FFDmodelwithCFD results, test optimiza-
tionwith asymmetric tower geometries and different
wind directions, and provide more extensive bench-
mark results frommore algorithms and runs.
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