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This paper explores the use of a cyber-physical systems (CPS) “loop-in-the-model”
approach to optimally design the envelope and structural system of low-rise buildings
subject to wind loads. Both the components and cladding (C&C) and the main wind
force resisting system (MWFRS) are considered through multi-objective optimization. The
CPS approach combines the physical accuracy of wind tunnel testing and efficiency
of numerical optimization algorithms to obtain an optimal design. The approach is
autonomous: experiments are executed in a boundary layer wind tunnel (BLWT), sensor
feedback is monitored and analyzed by a computer, and optimization algorithms dictate
physical changes to the structural model in the BLWT through actuators. To explore a
CPS approach to multi-objective optimization, a low-rise building with a parapet wall of
variable height is considered. In the BLWT, servo-motors are used to adjust the parapet
to a particular height. Parapet walls alter the location of the roof corner vortices, reducing
suction loads on the windward facing roof corners and edges, a C&C design load. At
the same time, parapet walls increase the surface area of the building, leading to an
increase in demand on the MWFRS. A combination of non-stochastic and stochastic
optimization algorithms were implemented to minimize the magnitude of suction and
positive pressures on the roof of a low-rise building model, followed by stochastic multi-
objective optimization to simultaneously minimize the magnitude of suction pressures and
base shear. Experiments were conducted at the University of Florida Experimental Facility
(UFEF) of the National Science Foundation’s (NSF) Natural Hazard Engineering Research
Infrastructure (NHERI) program.

Keywords: cyber-physical systems, mechatronic, optimization, multi-objective optimization, boundary layer wind
tunnel, parapet, University of Florida Experimental Facility, Natural Hazard Engineering Research Infrastructure
(NHERI)

INTRODUCTION

Cyber-physical systems (CPS) provide a rich environment for the analysis, design, and optimization
of civil infrastructure. In civil engineering, CPSs are rooted in earthquake engineering, where they
were used for the performance evaluation of structures under earthquake loads. To reduce costs
and demands on experimental resources, structural systems were partitioned into experimental
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and numerical components. The loop of action and reaction join-
ing the partitions created a CPS now known as hybrid simulation
(Hakuno et al., 1969, Shing and Mahin, 1984, and Takahashi and
Nakamura, 1987). Hybrid simulation has since expanded into a
family of experimental methods including real-time hybrid sim-
ulation (Nakashima and Masaoka, 1999), effective force testing
(Dimig et al., 1999), geographically distributed hybrid simulation
(Stojadinovic et al., 2006), and geographically distributed real-
time hybrid simulation (Kim et al., 2012).

Recently, Whiteman et al. (2018) proposed a new applica-
tion of CPS in civil engineering—the partitioning of the opti-
mization process. The approach was applied to wind engineer-
ing through cyberinfrastructure-augmented boundary layer wind
tunnel (BLWT) modeling. The goal was to produce optimal
designs faster than purely experimental methods and with a
higher degree of realism than purely computational methods. The
approach is autonomous: experiments are executed in a BLWT,
sensor feedback is monitored and analyzed by a computer, and
optimization algorithms dictate physical changes to the struc-
tural model in the BLWT through actuators. This approach was
named “loop-in-the-model” testing because the model under-
goes physical change as it approaches the optimal solution. As
a proof-of-concept, Whiteman et al. (2018) implemented single-
objective optimization using particle swarm optimization (PSO)
to minimize roof suction pressures on a low-rise building with a
mechatronic parapet.

The present work expands on the proof-of-concept study pre-
sented in Whiteman et al. (2018), investigating the appropriate-
ness of different types of optimization algorithms, both stochastic
and non-stochastic, for implementation in a CPS framework.
Additionally, multi-objective optimization is integrated with con-
sideration of both components and cladding (C&C) and main
wind force resisting system (MWFRS). Multi-objective optimiza-
tion is a step toward bringing architects, owners, engineers, and
other stakeholders to the table for the automated design of a
building system. For example, architects may target an aesthet-
ically pleasing façade and open floor plan, owners may wish
to maximize usable floor space, and engineers need to design
a structure that meets strength and serviceability requirements.
Figure 1 illustrates how these competing objectives of different
stakeholders can be captured by a single mechatronic specimen to
automate the design process. The specimen represents a building
with a bundled tube structure (Ali and Moon, 2007), reminiscent
of the Willis (Sears) Tower in Illinois and Carnegie Hall Tower in
New York.

FIGURE 1 | Rigid model with geometric morphing.

The structure selected for evaluation in this study is a low-
rise building with a parapet wall of variable height developed in
Whiteman et al. (2018). The windward roof edges on low-rise
buildings cause a separation of the boundary layer and generate
vortex flowwith large suction loading that is particularly severe for
oblique approaching wind angles. Increasing the parapet height
has a significant effect on thesewind suction loads because it alters
the location of the roof corner vortex, which mitigates extreme
corner and edge suction loads, a C&C design load (Kopp et al.,
2005a,b; Mans et al., 2005). At the same time, the presence of
parapet walls increases the surface area of the building, leading to
an increase in demand on the MWFRS. In the BLWT, the parapet
height was adjusted using servo-motors to create a particular
design that is a “candidate” in the optimization framework. The
building envelopewas instrumentedwith pressure taps tomeasure
surface pressures and estimate base shears. The taps were densely
spaced on the roof to sufficiently capture the change in roof corner
vortex formation.

Two algorithms were implemented to achieve the optimum
parapet height: a golden section search (GSS) algorithm and a
multi-objective PSO (MO-PSO) algorithm. The GSS algorithm
was implemented for different objective functions in two separate
studies to (1) minimize the magnitude of suction on the roof
and parapet surfaces and (2) minimize the magnitude of both
suction and positive pressures on the roof and parapet surfaces.
The MO-PSO algorithm was implemented to minimize the mag-
nitude of suction on the roof, while also minimizing the base
shear of the structure. The GSS and MO-PSO algorithms were
then compared with the single-objective PSO of Whiteman et al.
(2018). Experiments were conducted in the BLWT located at
the University of Florida Experimental Facility (UFEF) of the
National Science Foundation’s (NSF) Natural Hazard Engineering
Research Infrastructure (NHERI) program.

This paper consists of eight primary sections. The Section
“Introduction” introduces the structure selected for evaluation
within the study and highlights the continuation of the work
presented in Whiteman et al. (2018). The Section “Background”
provides a background regarding the effects of parapets on
C&C and MWFRS loads. The Section “Optimization Algo-
rithms” introduces the GSS and PSO optimization algorithms
integrated into the CPS framework. The Section also provides a
brief background on multi-objective optimization. The Sections
“Experiment Setup” and “Optimization Setup” provide details
about the physical and cyber components of the experimental
setup, respectively. The Sections “Single-Objective Optimization:
Peak Pressures” and “Multi-Objective Optimization: Peak Pres-
sure and Base Shear” show the results of the single- and multi-
objective optimization cases, respectively. Finally, the Section
“Conclusion” presents the implications of the major findings.

BACKGROUND

The generalized cyber-physical optimization approach is shown
in Figure 2 for a predetermined set of evaluation wind angles
and problem-specific number of candidate designs and iterations.
Loops over all angles, all candidate designswithin an iteration, and
all iterations are highlighted to clearly illustrate the experimental
timeline and evolution of the design.
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FIGURE 2 | Flowchart of cyber-physical systems framework.

Along-Wind Forces on Low-Rise Buildings
with Parapets
Lateral forces in low-rise structures are resisted by lateral struc-
tural systems and the supporting foundation. Lateral forces on
low-rise structures from wind are primarily dictated by the geom-
etry of the building envelope, wind speed, and angle of approach.
Wind load provisions, such as ASCE 7-10, provide guidelines
for estimating design wind pressures on low-rise buildings of
common geometric shapes (ASCE/SEI 7-10, 2010). These design
pressures can then be integrated over the projected area of the
building to obtain the design lateral wind forces.

A reduction in horizontal base shear forces is beneficial for
designers, since it results in lighter structural members, smaller
foundations, and overall less material use. However, exploring a
wide range of building geometries can be an arduous process.
This search could be automated with optimization routines pro-
grammed to find the best aerodynamic shape of the building
envelope that will minimize base forces on the structure.

The presence of parapet walls affects the total base shears due
to wind loading. An increase in parapet height increases the
windward and leeward surface areas and also introduces new
surfaces interior to the parapet. ASCE 7-10 accounts for the effects
of parapets on the MWFRS by estimating the net horizontal wind
pressures for both windward and leeward parapet walls. This net
wind pressure is calculated from the velocity pressure evaluated at
the top of the parapet and a net pressure coefficient that accounts
for both the front and back surfaces. Values of the net pressure
coefficients for windward and leeward parapet walls are provided
in ASCE 7-10.

Roof Pressures on Low-Rise Buildings with
Parapets
Architectural detailing greatly influences the magnitude, direc-
tion, and spatio-temporal correlation of pressures over a roof sur-
face.High suctions on leading roof corners and edges are related to
strong vortices which occur for oblique wind angles to flat-roofed

buildings (Kind, 1988; Pindado and Meseguer, 2003). Parapet
walls reduce these high suction loads, and thereby potentially
prevent loose roof material from becoming windborne debris and
damaging a building’s envelope. Most research concerning para-
pets has focused on either the characterization of roof pressure
distributions for C&C or the effect on the underlying structural
members (Stathopoulos et al., 2002; Kopp et al., 2005a,b).

Building codes, such as ASCE 7-10, determine the minimum
loads for the C&C design of the roof of a building with a para-
pet by allowing for a reduction in pressure over specific regions
(ASCE/SEI 7-10, 2010); however, thorough research has not been
conducted regarding the precise region locations or on the optimal
height of a parapet for a given low-rise building. Most research on
parapet walls focuses onmitigating local roof loading through the
use of alternative parapet geometries (e.g., Kopp et al., 2005a,b)
with limited studies on the optimal height or effect of different
heights of solid, continuous perimetric parapets. The minimum
loads for the C&C design of the parapet itself are based on the
height of the parapet (measured from the base of the building)
and the pressures on adjacent wall and roof surfaces. The net effect
is a positive pressure on the windward surfaces of windward and
leeward parapets and a negative pressure on the leeward surfaces
of windward and leeward parapets (ASCE/SEI 7-10, 2010).

BLWT Modeling
Traditional trial and error design approaches require extensive
iterations and inefficient communication between stakeholders.
Ultimately, at most only a few candidate designs are evaluated in a
BLWT to determine the design wind loads. The design wind loads
are sensitive to the geometry and dynamics of the structure. If only
a few designs are evaluated, the final design selected is not likely
to be optimal.

TheCPS approach integrates experimental testing into the opti-
mization process, producing optimal designs for structures sub-
ject to realistically modeled wind loads. The accuracy is achieved
through the use of BLWT modeling, the primary tool to char-
acterize the surface pressures on bluff bodies and a standard in
wind engineering for decades. In this work, along-wind forces
and roof pressures will be determined for each candidate solution
directly from the BLWT testing results. The combination of BLWT
modeling with numerical optimization algorithms to explore the
search space creates an accurate and efficient framework for opti-
mal design in wind engineering. This approach can be applied to
design problems with competing objectives from multiple stake-
holders to obtain an objectively optimal solution that achieves
balance between all parties.

OPTIMIZATION ALGORITHMS

The loop-in-the-model cyber-physical approach to optimal
design can merge any optimization algorithm with physical
testing. The most efficient and effective algorithm depends on
the problem being studied. Optimization algorithms are typi-
cally categorized as either gradient-based or metaheuristic (or
gradient-free) methods. Gradient-based and other determinis-
tic methods are non-stochastic algorithms that minimize (or
maximize) a pre-defined objective function through an iter-
ative process involving the recalculation of the gradient (i.e.,
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derivatives) of the function or an iterative reduction in the
search space. These algorithms exhibit fast convergence, but
require specific knowledge of the problem to execute a search
and are easily trapped in local minima, where the gradient is
zero.

Metaheuristic algorithms are problem-independent stochastic
techniques well suited for solvingmulti-objective and constrained
problems without the need for gradient information (Talbi, 2009;
Luke, 2013). These algorithms do not require continuity in the
problem definition and are generally better suited for finding a
global or near-global minimum (or maximum) as they broadly
explore candidate solutions within a pre-defined search space to
avoid premature or local convergence. At the same time, meta-
heuristics are stochastic and there is no guarantee that a global
optimal solution, or even bounded solution, will be found (Perez
and Behdinan, 2007).

This paper explores a non-stochastic search algorithm (GSS)
that is efficient for simple problems with one design variable and a
unimodal objective function. The paper also considers a stochastic
search algorithm (PSO) that is better suited for multi-variate and
multi-objective optimization problems with no requirements on
the continuity or form of the objective function. The most suit-
able search algorithm for integration into a cyber-physical opti-
mization framework depends on the complexity of the problem.
Ultimately, a user should select the most efficient algorithm (i.e.,
reducing the total number of BLWT tests) that also confidently
achieves the optimal or near optimal solution.

Golden Section Search
Based on a preliminary testmatrix, exploring the effects of parapet
height and wind angle on roof pressures, the optimal parapet
height forminimizing themagnitude of peak roof suction pressure
is anticipated to occur at one unique height (i.e., a unimodal
problem with no local minima). GSS is a non-stochastic, deter-
ministic optimization technique for finding the extremum of a
strictly unimodal function where the sign of the curvature does
not change by successively narrowing the search space within
which the extremum is known to exist. The GSS algorithm is
similar to the bisection method because it iteratively reduces the
search space, and it derives its name from the fact that the length of
the search space is linearly reduced for each iteration by the golden
ratio (Luenberger and Ye, 1984). The GSS is explored herein for its
simplicity and quick convergence.

Assume that a function f is unimodal andwith no local extrema
on the interval [a, b]. The search space is divided into three
sections ([a, x1], [x1, x2], and [x2, b]) by adding two intermediate
points, x1 and x2, as shown in Figure 3. The function is then
evaluated at the two intermediate points, and the results f (x1) and
f (x2) are compared. The subinterval of either [a, x1] or [x2, b] can
then be discarded such that the minimum (for minimization) is
bracketed within the remaining subinterval (Nazareth and Tseng,
2002). The locations of x1 and x2 are chosen so that two conditions
are satisfied: x1 and x2 are equidistant from a and b, respec-
tively, and the ratio of lengths of the three intervals, L/L2 = L2/L1,
is constant. Based on these two conditions, L2 = ϕ ∼= 0.618 and
L1 = 1−ϕ ∼= 0.382. As a result, only one new function evalua-
tion is needed every successive iteration for the standard GSS

FIGURE 3 | Sections of golden section search for a unit interval.

algorithm as one of the previous intermediate points is reused.
The two intermediate points are calculated according to the
following,

x1 = a + (b − a) (1 − ϕ) (1)
x2 = a + (b − a) ϕ. (2)

Boundary layer wind tunnel testing is subject to uncertainty;
peak pressures tend to vary from experiment to experiment for the
same specimen configuration (e.g., same parapet height and wind
angle). To some degree, this uncertainty is mitigated by estimating
peak pressures from the data (i.e., using extreme value analysis)
rather than directly using instantaneous peak pressures (i.e., sim-
ple worst peak method). This paper uses a Fisher-Tippet Type I
(Gumbel) extreme value distribution to estimate peak pressures.
Despite the application of the Gumbel distribution, variability in
the estimate of peak pressures remain (Gavanski et al., 2016) and
peaksmay be linked to a specimen configuration that are not truly
representative of that configuration. To avoid sensitivity to a non-
representative test (i.e., an outlier), the standard GSS algorithm is
modified such that the previous intermediate point that is typically
reused will be retested rather than directly using test results from
the previous iteration.

With each iteration, the search space is reduced around the
extremum until a pre-defined tolerance for the remaining search
space size is met. The tolerance is defined as the precision at the
final iteration of the calculated extremum. Based on the linear
reduction of the search space by ϕ for each iteration, the number
of required design iterations N for a given tolerance Tol can be
predetermined according to the following:

(b − a) ∗ ϕN = Tol (3)

N =
ln

(
Tol
b−a

)
ln (ϕ)

. (4)

Particle Swarm Optimization
Particle swarm optimization is a population-based metaheuristic
algorithm that mimics the social behavior of a population of
individuals (swarm) adapting to its environment through the joint
discovery and exploration of promising regions. The inspiration
for PSO came from genetic algorithms, evolutionary algorithms,
and evolution strategies.
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Each particle within the swarm has a finite position and veloc-
ity within the search space and represents a candidate design.
The position corresponds to the values of the different design
parameters (e.g., parapet height), and the velocity corresponds
to the change in the design parameters between iterations. The
dimensions of the search space (and therefore position and veloc-
ity) are equal to the number of design parameters. The positions
of the particles are often initially randomly or evenly distributed
throughout the search space. The swarm of particles iteratively
moves throughout the search space seeking the global best solu-
tion. At each iteration, the particles’ best costs and swarm’s best
cost are updated and are used to determine the next particle
positions based on a combination of the inertial, cognitive, and
social components of the velocity. This procedure is repeated for a
predetermined number of design iterations or until a pre-defined
tolerance is obtained.

The process for updating the position of each particle is

xij+1 = xij + vij+1Δt, (5)

where xij+1 is the position vector of particle i at iteration j+ 1, vij+1
is the corresponding velocity vector of the particle, and Δt is the
time step value.

The process for determining the velocity vector of each particle
in the swarm depends on the PSO algorithm selected. The most
common algorithm used was introduced by Shi and Eberhart as

vij+1 = wvij + c1r1
(
pij − xij

)
Δt + c2r2

(
pgj − xij

)
Δt , (6)

where r1 and r2 are independent random numbers in the range
[0,1], pij is the best known position of particle i considering itera-
tions one through j, pgj is the best known position of all particles
considering iterations one through j, and Δt is the time step
value, often a unit time step of one iteration to satisfy dimen-
sional analysis of the position-velocity analogy (Shi and Eberhart,
1998). In Eq. 6, w, c1, and c2 influence the inertial, cognitive,
and social components of the particle’s velocity, respectively. The
inertia controls the algorithm’s exploration of the search space;
a larger inertia enables a more global search because particles
place a higher importance on their previous trajectory. The trust
parameters indicate howmuch confidence the current particle has
in itself (cognitive, c1) and in the swarm (social, c2), and will draw
the particle to the positions corresponding to the respective best
costs of these components. To some degree, the selection of the
inertia and trust weights is problem dependent. A poor selection
of parameters may lead to premature convergence to a locally
optimal solution, or a solution that takes an excessive number of
iterations to converge. A good selection of parameters can bemade
through either trial and error or deduction and experience.

Multi-Objective Optimization
Multi-objective optimization is necessary when two or more
objectives are in conflict and a compromise between objectives
is desired. This conflict is often the case when considering the
requirements of multiple stakeholders in engineering design. If
there is no single solution that will simultaneously optimize each

objective, there instead exists an infinite number of Pareto optimal
solutions. A solution is Pareto optimal if any of the objective func-
tions cannot be improved without degrading one or more of the
other objective functions. A set of Pareto optimal solutions creates
a Pareto front, which illustrates the tradeoffs in simultaneously
meeting multiple objectives. To select an optimal solution from
the set of Pareto optimal solutions, subjective preference from
the user is required; all Pareto optimal solutions are considered
equally acceptable until the user preference is applied.

Multi-objective optimization methods can be divided into four
classes based on the user’s preference: no-preference, a priori, a
posteriori, and interactive (Luque et al., 2009). In no-preference
methods, the user does not indicate their preference often default-
ing to equal weight, while a priori, a posteriori, and interactive
methods utilize preference information before, after, and iter-
atively while searching for a solution, respectively (Miettinen,
1999). An a priori method is implemented in this study, where
equal weight is assigned to the two objectives before initiating the
search. These two objectives are normalized to rectify differences
in magnitude and units.

EXPERIMENTAL SETUP

Model Development
The model selected for this study was a low-rise building with a
parapet wall of variable height as developed in Whiteman et al.
(2018). The model was 74.30 cm× 49.53 cm (29.25× 19.50 in.)
in plan with a height of 50.8 cm (20 in.). The parapet height was
actively controlled by actuating the outer wall of the model using
Nanotec linear stepper motors at each corner of the model, while
the inner core of the model remained stationary. This created a
constant building size with a parapet wall of variable height, up to
11.43 cm (4.5 in.) model-scale. The model is shown in Figure 4,
including the outer wall (vertically movable) and inner model
(stationary). Urethane tubing and pressure taps were installed on
both the outer and inner sides of the parapet wall. A total thickness
of the model parapet wall (and thus outer wall) of 2.54 cm (1 in.)
was used. Based on the model dimensions and target design of a
two-story office building, a 1:18 model-scale was selected.

Tap Tributary Areas
The pressure measured at each pressure tap was assumed to act
over a unique, non-overlapping tributary area on the envelope of
the model. Voronoi diagrams derived from Delaunay triangula-
tion were used to calculate the tributary area of each tap (Gierson
et al., 2017). This is a reproducible, automated process, important
when the envelope shape is changing during optimization. The
flattened view of taps and corresponding tributary areas for the
model with a parapet height of 11.43 cm (4.50 in.) is illustrated in
Figure 5. The approach wind angle is defined as 0° when blowing
in the negative y direction in Figure 5, and 90° when blowing in
the negative x direction.

Surfaces 1 through 4 correspond to the four building walls.
Surfaces 6 through 9 are inner parapet surfaces for a parapet height
hp > 0. The edges that join the outer parapet surfaces (Surfaces
1–4) and the inner parapet surfaces (Surfaces 6–9) in Figure 5
are physically located at the top of the parapet and separated by
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FIGURE 4 | (A) Building model with a flush parapet wall and (B) a raised parapet wall.

FIGURE 5 | Tap locations, tributary areas, and surface numbers on a flattened representation of the model with a parapet of 11.43 cm.

the thickness of the parapet. Surfaces 5 and 10 are the top of
the parapet wall and the roof, respectively. As the parapet height
increased, the tributary areas for both the outer building surface
and inner parapet surface increased, while the tributary areas for
both the top of the parapet wall and the roof remained constant.

Base Shear Force Calculation
Horizontal base shear forces were calculated for the direction
perpendicular to the long building dimension. Synchronous mea-
surements from pressure taps located at the windward, leeward,
and parapet walls (Surfaces 1, 3, and 6 and 8 in Figure 5, respec-
tively) were multiplied by the tap tributary areas to obtain local
base shear force contributions. The total base shear time history
was then obtained from the summation of these forces as follows:

Bshear(t) =
n∑

i=1
pi (t)Aiλ2

Uλ2
L, (7)

where Bshear(t) is the equivalent full-scale base shear, pi(t) is the
recorded pressure time history of tap i, Ai is the tributary area of
tap i, n is the total number of taps, λU is the velocity scale, and
λL is the length scale (1:18). A full-scale reference mean velocity
of 40m/s was assumed resulting in λU = 3.33 (Uref ~ 12m/s). The
peak base shear B̂shear was estimated from a Fisher-Tippett Type
I (Gumbel) distribution with 50 peaks and a probability of non-
exceedance of 78%.

Experimental Configuration
Experiments were conducted in the BLWT located at the UFEF of
the NSF’s NHERI program. The BLWT is 6.1m wide with a 1m
turntable centered along the 6.1m width and 31.75m downwind
of 8 fans. The fans were kept at a constant 1,050 RPM for all
testing, corresponding to a reference height velocity of approxi-
mately 12m/s. The surface pressures on the model building sur-
faces were measured using Scanivalve ZOC33 (Scanivalve, 2016).

Frontiers in Built Environment | www.frontiersin.org March 2018 | Volume 4 | Article 136

https://www.frontiersin.org/Built_Environment
https://www.frontiersin.org
https://www.frontiersin.org/Built_Environment/archive


Whiteman et al. Multi-Objective Optimization in a BLWT

FIGURE 6 | Boundary layer wind tunnel with model low-rise building, upwind
view.

The model building installed in the BLWT is shown in
Figure 6.

Simulation of upwind terrain roughness was performed via
the Terraformer, an automated roughness element grid capable
of rapidly reconfiguring both the height and orientation of 1,116
roughness elements to achieve specific upwind terrain conditions
(Fernández-Cabán and Masters, 2017). For this study, the Ter-
raformer was configured to simulate open terrain for the geomet-
ric scale of 1:18. A more detailed description of the simulation
of the upwind terrain used throughout this work can be found in
Whiteman et al. (2018).

Differential pressures were collected for 120 s and calculated
pressure coefficients were referenced to the velocity pressure at the
model eave height. The peak maximum and minimum pressure
coefficients Ĉp,max and Ĉp,min were estimated from the time his-
tory of each tap pressure using a Fisher-Tippett Type I (Gumbel)
distribution with 50 peaks and a probability of non-exceedance of
78% (Cook and Mayne, 1980) as follows:

Ĉp =
P̂78 − P0

q̄H
, (8)

where P̂78 is the peak suction of the time history,P0 is the reference
(static) pressure, q̄H = 1/2ρU2

H, ρ is the air density, and UH
is the mean velocity at parapet height estimated from the mean
reference velocity pressure in the freestream (Uref).

OPTIMIZATION SETUP

In this study, three alternative objective functions were consid-
ered: (1) minimizing the magnitude of peak suction on the roof,
inner parapet walls, and top of the parapet (Surfaces 5–10 in
Figure 5), (2) minimizing the magnitude of peak suction and
positive pressure on the roof, inner parapet walls, and top of the
parapet (Surfaces 5–10 in Figure 5), and (3) minimizing both the
magnitude of peak suction on the roof (Surface 10 in Figure 5)

TABLE 1 | Comparison of details of non-stochastic optimization algorithms.

Search algorithm

Golden section
search (GSS) (Case 1)

GSS (Case 2)

Objective
statements
[minimization]

Magnitude of peak
suction

Magnitude of peak suction and
positive pressure

Objective
functions

Minimize |min(Ĉp,min)| Minimize
max(|min(Ĉp,min)|, |max(Ĉp,max)|)

Surfaces
considered
(Surfaces in
Figure 5)

Roof, inner parapet
surfaces, and top of the
parapet (Surfaces 5–10)

Roof, inner parapet surfaces, and
top of the parapet (Surfaces 5–10)

Approach wind
angles considered

45 and 90° 45 and 90°

TABLE 2 | Comparison of details of stochastic optimization algorithms.

Search algorithm

Particle swarm
optimization (PSO)
Whiteman et al. (2018)

Multi-objective PSO
(MO-PSO)

Objective statements
[minimization]

Magnitude of peak
suction

Magnitude of peak
suction; magnitude of
peak base shear

Objective functions minimize |min(Ĉp,min)| minimize |min(Ĉp,min)|;
minimize |B̂shear|

Surfaces considered
(surfaces in
Figure 5)

Roof, inner parapet
surfaces, and top of the
parapet (Surfaces 5–10)

Roof (Surface 10);
along-wind surfaces

Approach wind
angles considered

45 and 90° 0 and 45°

and the magnitude of peak base shear (see Base Shear Force
Calculation).

As the parapet height increases, the peak suction nominally
decreases for the roof surface and top of the parapet wall and
increases for the inner parapet wall surfaces. Also, an increase in
parapet height increases the peak positive pressure on the roof
surface and windward side of the leeward parapet and increases
the base shear of the structure. These observations are not com-
prehensive; however, they include all effects that influenced the
optimal design. Critical Ĉp values were observed for suction, posi-
tive pressure, and base shear at approachwind angles of 45, 90, and
0°, respectively. To minimize the number of BLWT runs, based
on the objective function each candidate solution was only tested
from among the set of angles 0, 45, and 90°. The optimization
problemwas physically constrained by the model-scale minimum
and maximum parapet height of 0 and 11.43 cm (0 and 4.5 in.),
respectively. The lower and upper physical bounds of the parapet
height were chosen so that the optimal solution was confidently
located within the entire search space. The summary of objective
functions, surfaces, and approach wind angles considered for this
study for both non-stochastic and stochastic algorithms are given
in Tables 1 and 2.
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SINGLE-OBJECTIVE OPTIMIZATION: PEAK
PRESSURES

Golden Section Search
Single-objective optimization was performed on the model build-
ing using GSS integrated into the CPS approach. The model-scale
parapet heights were rounded to the nearest 0.0254 cm (0.01 in.),
consistent with a full-scale design discretization of 0.457 cm (0.18

TABLE 3 | Parapet height and Ĉp,min for each iteration using golden section search
(Case 1).

Iteration Intermediate point, x1 Intermediate point, x2

hp [cm] Ĉp,min hp [cm] Ĉp,min

1 4.37 4.71 7.06 4.24
2 7.06 4.48 8.74 4.67
3 6.05 4.36 7.06 3.94
4 7.06 3.94 7.70 4.23
5 6.68 4.16 7.06 4.12
6 7.06 4.16 7.32 4.03
7 7.32 4.34 7.47 4.35
8 7.21 4.18 7.32 4.35
9 7.16 3.82 7.21 3.91
10 7.11 3.84 7.16 3.89
11 7.11 4.18 7.11 3.91
12 7.11 3.97 7.11 4.05
13 7.11 4.09 7.11 4.42
14 7.11 4.04 7.11 4.03
15 7.11 3.84 7.11 4.23
16 7.11 3.93 7.11 3.81
17 7.11 3.90 7.11 3.96
18 7.11 4.10 7.11 4.38

in.). A tolerance of 0.00254 cm (0.001 in.) was selected for the GSS
algorithm to ensure that the search space converged to a single
parapet height. Based on the desired tolerance and Eq. 4, a total of
18 design iterations were performed.

Minimize Peak Suction (Case 1)
Large suction can damage C&C and contribute to windborne
debris. Increasing the parapet height will reduce the suction on the
roof surface, which is the major benefit of installing parapet walls.
At the same time, however, increasing the parapet height will
increase the suction on the inner parapet surfaces. This balance
creates the design tradeoff explored in Case 1. The objective is
selected as aminimization of themaximummagnitude of the peak
suction considering the roof, inner parapet surfaces, and the top
of the parapet.

Cyber-physical systems optimization was conducted with
results summarized in Table 3 and Figure 7. Peak suction values
for both GSS intermediate points at each iteration are shown in
Table 3. The convergence of the search space toward the optimum
height of 7.11 cm (2.80 in.) is shown in Figure 7. The initial
domain bounds (iteration 1) were [0, 11.43] cm ([0, 4.50] in.). At
iteration 1, the intermediate points produced parapet heights hp
of 4.37 cm (1.72 in.) and 7.06 cm (2.78 in.) based on Eqs 1 and 2.
Themeasured Ĉp,min of the two intermediate points were 4.71 and
4.24 (Table 3). Since the objective function was to reduce Ĉp,min,
hp = 7.06 cm (2.78 in.) was a better candidate design than 4.37 cm
(1.72 in.). As a result, the domain [0, 4.37] cm was discarded and
the domain bounds for the next iteration (iteration 2) became
[4.37, 11.43] cm. This procedure was repeated for the maximum
number of iterations.

FIGURE 7 | Parapet height iteration history using golden section search (Case 1).
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The variability of peak suction due to experimental testing is
seen for iterations 12 through 18, as both intermediate points have
the same parapet heights for these iterations. Despite being at the
same height, the measured Ĉp,min for iterations 12 through 18
vary between intermediate points and across iterations. Figures 8
and 9 depict the plot of the Ĉp,min values on the envelope of the

building for the optimal parapet height at 45 and 90°, respectively.
This illustrates the balance in large magnitudes of Ĉp,min on the
roof and top of the parapet wall (Figure 8) and inner parapet
surfaces (Figure 9). Lowering the parapet would increase suc-
tion on the roof at 45° while raising the parapet would increase
suction on the inner parapet surfaces at 90°. This balance is

FIGURE 8 | Ĉp,min for optimal parapet height, 45° wind angle shown.

FIGURE 9 | Ĉp,min for optimal parapet height, 90° wind angle shown.
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expected because the suction on the roof, top of the parapet, and
inner parapet surface were given equal weight in the objective
function. The optimal result corresponds to a full-scale parapet
height of 1.28m (4.20 ft). This parapet height simultaneously
minimizes suction on the roof and inner parapet walls. According
to the Building Code Requirements for Masonry Structures, the

TABLE 4 | Parapet height and max(|Ĉp,min|, |Ĉp,max|) for each iteration using
golden section search (case 2).

Iteration Intermediate point, x1 Intermediate point, x2

hp [cm] max(|Ĉp,min |, |Ĉp,max |) hp [cm] max(|Ĉp,min |, |Ĉp,max |)

1 4.37 4.69 7.06 3.94
2 7.06 4.28 8.74 4.88
3 6.05 4.57 7.06 3.93
4 7.06 4.16 7.70 4.35
5 6.68 4.21 7.06 4.19
6 7.06 4.25 7.32 4.36
7 6.91 4.00 7.06 4.20
8 6.83 3.95 6.91 3.95
9 6.91 4.11 6.96 4.24
10 6.88 4.00 6.91 4.02
11 6.88 3.99 6.88 3.96
12 6.88 3.82 6.88 3.89
13 6.88 4.11 6.88 4.03
14 6.88 3.99 6.88 4.02
15 6.88 4.02 6.88 4.20
16 6.88 4.06 6.88 4.16
17 6.88 4.00 6.88 3.98
18 6.88 3.96 6.88 4.03

height of structural parapets should not exceed three times their
thickness (ACI/ASCE/TMS, 2011). The optimal height found
satisfies this limit of 1.37m (4.50 ft) as applied to the current
building.

Minimize Peak Suction and Positive Pressure (Case 2)
As the parapet height increases, the positive pressure increases for
regions of the roof and the windward side of the leeward parapet.
Positive pressures on the roof are additive to gravity loads, which
can increase the forces on structural members. Positive pressures
on the windward side of the leeward parapet wall are additive
to the base moment and base shear of the parapet wall and the
structure. Formally, the objective of Case 2 is to minimize the
maximummagnitude of peak suction and peak positive pressures
on the roof, inner parapet surfaces, and top of the parapet. The
relative importance of reducing suction versus positive pressure is
not considered; they are treated equally.

CPS optimization was conducted with results summarized in
Table 4 and Figure 10. The maximum of (|Ĉp,min|, |Ĉp,max|) for
both intermediate points at each iteration is shown in Table 4.
The convergence of the search space toward the optimum height
of 6.88 cm (2.71 in.) is shown in Figure 10. Similar to Case 1, there
is variability of the maximum suction due to the experimental
testing best seen for iterations 12 through 18. For both angles of 45
and 90°, the peak suction on the surfaces considered is greater in
magnitude than the peak positive pressure and, therefore, governs
the design. The results for the envelope of peak suction pressures
at the optimal parapet height are similar to those of Figures 8 and
9. The optimal height corresponds to a full-scale parapet height of

FIGURE 10 | Parapet height iteration history using golden section search (Case 2).
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1.23m (4.05 ft), which satisfies the limit of 1.37m (4.50 ft) accord-
ing to the Building Code Requirements for Masonry Structures as
applied to the current building (ACI/ASCE/TMS, 2011).

Discussion of Optimization Algorithm
Alternatives: GSS versus PSO
The results of the two non-stochastic GSS optimization runs
are compared herein to the two stochastic PSO runs reported
in Whiteman et al. (2018). Across all four runs, the same phe-
nomenon (peak suction) governed the optimal design, enabling
this comparison. The GSS algorithm exhibited faster convergence;
18 iterations with 2 tested parapet heights per iteration were
required for the GSS algorithm (total 36 tests). With a relaxation
on the final search space size tolerance, the total number of tests
could be realistically cut from36 to 22 (based onFigures 7 and 10).
For the PSO algorithm, 13 iterations with 5 tested parapet heights
per iteration were required (total 65 tests).

Although the GSS algorithm exhibited faster convergence,
there was a higher observed variability with the final optimal
values compared to those of the PSO algorithms; optimal heights
of 7.11 cm (2.80 in.) and 6.88 cm (2.71 in.) were obtained for the
two GSS algorithm optimization runs and 6.83 cm (2.69 in.) and
6.86 cm (2.70 in.) were obtained for the PSO algorithm optimiza-
tion runs. The difference in optimal solution from run to run
is due to the experimental variability in BLWT testing. In the
GSS algorithm, although the previous intermediate point which
was reused was retested, each test held higher significance in the
optimization procedure as it directly affected the search space
of the next iteration. The PSO algorithm requires more tested
parapet heights per iteration to create the swarm effects and has
the same search space for every iteration (i.e., the search space is
not iteratively reduced).

Neither the GSS nor PSO algorithm was more difficult to
code or implement than the other. There is an observed trade-
off between convergence speed and perceived accuracy (based
on repeatability). The type of algorithm which would best be
applied to the CPS approach is problem dependent and should
be chosen based upon multiple factors, including but not limited
to the expectation of local minima, number of design variables,
variance in results for repeated tests, and allowable testing time.
In particular, the GSS algorithm is not suitable for multiple design
variables or a design space with local minima. The PSO algorithm
can readily handle optimization problems that are multi-variate,
multi-objective, constrained, and with local minima in the solu-
tion space. Additionally, PSO is less sensitive to the variability
of experimental testing. For its versatility, PSO is selected for the
proceeding multi-objective optimization.

MULTI-OBJECTIVE OPTIMIZATION: PEAK
PRESSURE AND BASE SHEAR

Multi-objective optimization was performed on the low-rise
building using MO-PSO integrated into the CPS. The objective
was to determine the optimal parapet height that achieves the best
compromise in reducing peak suction on the roof and peak build-
ing base shear. The model-scale parapet heights were rounded

FIGURE 11 | Procedure used for determining particle costs at each iteration.
(A) Identify the Pareto front and locate the intersection point of the minimum
objective function values. (B) Normalize the distance between the minimum
and maximum objective function values. (C) Calculate a particle’s cost as the
distance d between the particle and intersection point. Repeat for all particles
on the Pareto front.
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FIGURE 12 | (A) Particle convergence at each iteration and (B) iteration history of global best cost.

to the nearest of 0.0254 cm (0.01 in.), consistent with a full-scale
design discretization of 0.4572 cm (0.18 in.). Assuming objective
functions to both minimize the magnitude of peak suction pres-
sure andminimize themagnitude of peak base shear, the proposed
process for determining the cost for each particle at one example
iteration is illustrated in Figure 11. Note that 100 particles are
used to clearly illustrate the Pareto front. The cost is taken as
the normalized distance d of the particle from the intersection
of minimums. Particles that are not on the Pareto front are given
an arbitrary high cost such that they are ignored, as there is an

objectively better solution on the Pareto front. The process is reset
at each iteration, only retaining the particle best and global best
costs.

Multi-Objective PSO
The problem-specific PSO parameters of w, c1, and c2 are
all selected as 0.5. These parameter values produced favor-
able convergence for a simulated (offline) optimization trial
using previously recorded data from a preliminary test matrix.
Considering the time limits on experimental resources, a balance
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FIGURE 13 | Minimum pressure coefficients for optimal parapet height, 0° wind angle shown.

FIGURE 14 | Minimum pressure coefficients for optimal parapet height, 45° wind angle shown.

was needed between sufficient particles to create the PSO swarm
effect and sufficient iterations to converge. Additionally, an ade-
quate swarm size was required to create a meaningful Pareto
front with multiple Pareto optimal solutions. Based on an esti-
mated 2min per BLWT run, 1min to set up the BLWT run, and
2working days of testing, 15 particles were selected.

The positions of the particles were initially randomly dis-
tributed within the pre-defined search space. A total of 10
iterations were conducted for the 15 particles with results
summarized inFigure 12. The convergence of the particles toward
the optimum height of 4.98 cm (1.96 in.) is shown in Figure 12A.
14 of the 15 particles converged toward the global best cost. The
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FIGURE 15 | (A) Pareto front curve considering all iterations and (B) highlighting the iteration of global best cost (iteration 7).

one particle which did not converge is due to the particle being
equally attracted to both its personal best cost and the global best
cost. The global best cost for each iteration is shown inFigure 12B.
Points with both the particle number and the parapet height
identified represent an update to the global best cost.

Figures 13 and 14 depict the peak suction values Ĉp,min on
the envelope of the building for the optimal parapet height at 0
and 45°, respectively. For the same height, the maximum peak

base shear was 655 kN. Adding the base shear as a design con-
sideration lowered the optimal parapet height in comparison to
the single-objective cases due to the tradeoff that is experienced
between the decreasing suction on the roof and increasing base
shear for an increasing parapet height. Figure 15A illustrates the
Pareto front considering all of the candidate designs from all of
the iterations for the defined objective functions (magnitude of
peak suction and peak base shear), the intersection point of the

Frontiers in Built Environment | www.frontiersin.org March 2018 | Volume 4 | Article 1314

https://www.frontiersin.org/Built_Environment
https://www.frontiersin.org
https://www.frontiersin.org/Built_Environment/archive


Whiteman et al. Multi-Objective Optimization in a BLWT

minimum objective function values, and the solution closest to
this intersection point. Figure 15B highlights iteration 7, where
the optimal cost is obtained, and shows the corresponding optimal
position. The solution obtained by the MO-PSO algorithm at the
final iteration (discovered at iteration 7) is identical to the solution
considering all evaluated candidate designs over all iterations,
indicating successful convergence.

The optimal design corresponds to a full-scale parapet height
of 0.90m (2.94 ft) that minimizes peak suction on the roof and
inner parapet walls and minimizes the peak base shear of the
entire structure. This height satisfies the limit of 1.37m (4.50
ft) according to the Building Code Requirements for Masonry
Structures as applied to the current building (ACI/ASCE/TMS,
2011).

Discussion of Multi-Objective Optimization
In contrast to single-objective optimization, a multi-objective
problem formulation requires a user-defined relationship between
independent objectives and the use of a Pareto front or another
method of ranking candidate designs to obtain the optimal solu-
tion. When using a Pareto front, a sufficient population of candi-
date designs is required for each iteration to create a meaningful
Pareto front with multiple Pareto optimal solutions. Therefore,
more particles are required as compared to the single-objective
case, resulting in more required experimental tests. A multi-
objective problem formulation enables the analysis of competing
design objectives which cannot be accurately evaluated using
single-objective optimization.

Particle swarm optimization and other metaheuristics are
well suited for multi-objective optimization. The formulation
is problem independent, making it straightforward to include
additional objective functions. Additionally, population-based
search algorithms, such as PSO, are able to populate a meaningful
Pareto front in a single iteration (Zhou et al., 2011). Alternatives,
such as gradient-based methods are sensitive to local minima,
require continuous design objective functions and are typically
more computationally intensive. For the proposed model-in-
the-loop approach to optimization, metaheuristic algorithms
are better suited to address competing objectives from multiple
stakeholders.

CONCLUSION

This paper explores the use of a CPS “loop-in-the-model”
approach to optimally design the envelope and structural system
of low-rise buildings subject to wind loads. The CPS approach
combines the physical accuracy of wind tunnel testing and
efficiency of numerical optimization algorithms to obtain an
optimal design. This paper focuses on the application and suit-
ability of non-stochastic, stochastic, andmulti-objective optimiza-
tion algorithms for the CPS approach. The work builds on the
proof-of-concept presented in Whiteman et al. (2018)—which
employed a stochastic, single-objective optimization algorithm
(i.e., PSO)—by applying an efficient non-stochastic, single-
objective optimization method (i.e., GSS), and by proposing an
approach for multi-objective optimization using CPSs to satisfy
multiple stakeholders.

To investigate an efficient algorithm with a fixed convergence
rate, the non-stochastic GSS algorithm was applied to minimize
peak roof and parapet wall pressures. The GSS-based approach
was demonstrated to automatically guide the physical structure to
an optimal state based on user-defined objectives and constraints.
Based on the objective functions and constraints chosen, opti-
mal parapet heights of 7.11 cm (2.80 in.) model-scale and 1.28m
(4.20 ft) full-scale (Case 1) and 6.88 cm (2.71 in.) model-scale
and 1.24m (4.07 ft) full-scale (Case 2) were found for the low-
rise structure studied using the GSS algorithms. These optimal
solutions are comparable to those obtained by Whiteman et al.
(2018); however, the GSS algorithm reached the solutions with
significantly fewer experiments.

Both the C&C and the MWFRS are considered through multi-
objective optimization. C&C are significant during extreme wind-
storms because the failure of a single component can lead to
substantial wind and rain intrusion, which can lead to monetary
losses or harm to human life. The MWFRS is composed of the
primary structural element that ensure structural stability in the
transfer of wind loads acting on the entire structure to the founda-
tion. A multi-objective procedure allows for the tradeoff between
conflicting objectives to be accurately captured in situationswhere
single-objective procedures would be lacking.

The algorithm selected for multi-objective optimization was
PSO; however, the framework is flexible and could be guided by
any gradient-based ormetaheuristic algorithm.Metaheuristics are
applied in this study because they support the straightforward
inclusion of additional objective functions and the creation of
a meaningful Pareto front from a single iteration. Additionally,
metaheuristics enable the discovery of new and non-intuitive
designs. The objective functions were chosen as the minimization
of peak roof suction and the minimization of the peak building
base shear. At each iteration, the Pareto front was used with an
a priorimethod to update the local and global best costs in the PSO
algorithm. The optimal parapet height of 4.98 cm (1.96 in.)model-
scale and 0.90m (2.94 ft) full-scale was found for the low-rise
structure studied using the MO-PSO algorithm.

The conventional design process for projects requires a lengthy
collaboration between designers and commercial wind tunnels
to arrive at a cost-effective solution, which may involve the con-
struction of multiple model designs. An instrumented mecha-
tronic model enables the optimal design to be obtained faster
than conventional methods without the need to design, create,
and financially invest in additional models. The approach can
bring together multiple stakeholders to contribute to a unified
design with clear balance on competing objectives and a quick
turnaround on the corresponding design. Through CPSs, a struc-
tural engineer can determine the effects of different architectural
or structural features in near real time, creating a more collab-
orative environment for architects and engineers, a better use
of resources, and an objectively optimal design with input from
all parties. For example, the multi-objective framework can be
applied to tall, aeroelastic models subject to wind loading where
architectural decisions are directly tied to structural performance
and the usable floor space.

This optimal design is obtained autonomously; candidate
designs are physically created and evaluated in a BLWT using a
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mechatronic model. The numerical analysis of gathered data is
used to automatically guide the physical specimen to the opti-
mal state based on user-defined objectives and constraints. The
automated design of a structural system under wind loading
considering competing objectives is the primary motivation for
this study.
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