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a b s t r a c t
Structural systems are subject to uncertainties due to variability in many hard-to-control noise factors,
which include external loads, material properties, and construction workmanship. Traditional structural
design methodologies, although clearly recognizing the presence of uncertainty, omit robustness against
the effects of uncertainty in the design process. First, if the actual uncertainties in the design process are
underestimated, the design may fail to satisfy safety requirements. Second, to guarantee safety in the
presence of high variability of the system response, the structural designer may be forced to choose an
overly conservative, thus inefficient and costly design. When robustness against uncertainty is not treated as one of the design objectives, the trade-off between over-design for safety and under-design for
cost-savings is exacerbated. This manuscript demonstrates that safe and cost-effective structural engineering designs maybe achieved by implementing Robust Design concepts originally developed in manufacturing engineering to consider robustness against uncertainty. This manuscript presents an
optimization-based methodology for the application of Robust Design principles to structural design
and demonstrates its application on an academic problem involving design of a reinforced-concrete
frame.
! 2013 Elsevier Ltd. All rights reserved.

1. Introduction
The core of the structural engineer’s role is to make rational
decisions regarding design parameters in a systematical way.
There are countless possible design configurations to choose from
with the goal of achieving a constructible, serviceable, safe, and
cost-effective design solution for a given problem. These goals have
in and of themselves, competing objectives in that the safest design
is most likely not the most cost efficient. These competing objectives force designers to make trade-offs to meet all design goals
to a satisfactory level. To further complicate the process, these
decisions often have to be made under uncertainty [1,2].
The life-cycle of a structural system is plagued by uncertainty,
from design through operation. Uncertainty manifests itself in
many forms, some of which entail (i) statistical limits, in which
designers use discrete samples to predict the behavior of a whole
system; (ii) model limits, in which the structural model developed
in design and analysis simplifies reality obviating higher level
physics in the system; (iii) randomness, in which structural properties are not a single value as assumed, but rather vary spatially;
(iv) human error, encompassing mistakes made during the design,
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fabrication, and construction processes that alter the true design or
analysis; and (v) time, lack of knowledge of future loading conditions and uncertainty in material deterioration in time [3,4]. The
inherent variability in these factors must be accounted for during
the design process to ensure the design objectives are met under
all circumstances of interest.
Two prominent design approaches have evolved in the structural engineering field to account for variability in design parameters. The first, allowable stress design (ASD), which originated in
the 1920s, is based upon a deterministic design approach. Through
the ASD approach, instead of quantifying the different sources of
uncertainty, designers apply a ‘factor of safety’ to capture all the
variability in loads and resistance. The result is usually a conservative and safe design, but one that is likely to be inefficient [5]. The
second approach, load and resistance factor design (LRFD), developed in the 1980s, is a form of reliability-based design. Here,
uncertainties in the design process are quantified into two categories; load and resistance factors. This separation allows the treatment of uncertain material properties and construction
imperfections through resistance factors applied on nominal
capacities, and treatment of variable loads through load factors applied on nominal loads [3]. While the LRFD approach can account
for variability and incorporates risk assessment, its success hinges
on the availability and accuracy of statistical data [6]. In reliabilitybased designs, if there is an abundance of accurate statistical data,
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and the distributions of each random variable are well established,
uncertainties modeled as a random variable or process [7], can be
accurately accounted for; otherwise, the random variables themselves may induce uncertainties into the design process [6]. Therefore, safety requirements might be violated due to potentially
underestimated variability in the structural behavior. Explicitly
considering robustness against variability as one of the design
objectives can address this concern. This is precisely the aim of
the Robust Design concept, which originated in manufacturing
and quality engineering.
Robust Design processes, employed in this research, target the
robustness of the product output against ‘‘hard-to-control’’ input
parameters (called ‘‘noise factors’’), by adjusting ‘‘easy-to-control’’
input parameters (called ‘‘design parameters’’) [8,9]. Noise factors
are factors in the structural design process whose variability cannot be reduced in any practical or feasible way. As such, Robust Design’s objective is to eliminate the need for unduly difficult or
costly process of reducing the variability in hard-to-control input
parameters. Instead, a design that is minimally affected by this variability is sought. The aim of robust design is then to reduce the effects of these noise factors on the response of interest by
manipulating the design parameters [10–12].
This study implements principles of robust design through single objective optimization using the Particle Swarm Optimization
method; and demonstrates the application and feasibility of robust
structural design approach on a structural design problem using a
concrete frame structure with cross-bracing elements. In this design problem, the column dimensions and stiffness of the bracing
elements may be treated as (easy-to-control) design parameters,
which can easily be controlled by the designer. The uncertain
material properties and forcing functions may be treated as
(hard-to-control) noise factors which cannot be controlled by the
designer; and the structural responses such as, stresses, strains,
and displacements, may be treated as the product of the design
process. Robust structural design then aims to find column dimensions and stiffness of the bracing elements that yield the structural
response of interest that is robust to uncertain material properties
and forcing functions. In doing so, the variability of the structural
response is reduced, resulting in not only a safe, but also a costeffective design [13].
In the remainder of this paper, we will start with an overview of
the development of robust design principles, followed by a discussion on the implementation of particle swarm optimization in the
proposed robust structural design strategy. Next, the proof of concept application of the proposed design approach is discussed
focusing on a reinforced concrete frame. The paper concludes with
a discussion of the main findings, along with the limitations and
future work for this study.

2. Robust design: overview of the classical approach
Taguchi’s approach exploits nonlinear relationships between
design parameters and noise factors to identify design parameter
values that reduce the effects of noise on the selected performance
metric while satisfying the target performance requirement. In
doing so, Taguchi prepared separate experimental design for design parameters and noise factors and used the cross-product array
to collect the necessary data. The collected data is then analyzed to
decipher the interactions between the design parameters and noise
factors, to ultimately reduce the variability of the performance
metric and to adjust the mean of the performance metric to a target value [11,14].
Taguchi [11] developed a two-step process as demonstrated in
Fig. 1. The first step focuses on minimizing variation (Fig. 1a). This
step seeks the optimum settings of the design variables by maxi-
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mizing what Taguchi calls the signal-to-noise (S/N) ratio, defined
as the ratio of response in the system to the variation in response
caused by noise factors. Three different classes of S/N ratios are defined. The first is nominal-the-best, where a certain target value is
desired. Second is smaller-the-better, where the most robust option
is a zero value response, and likewise, the third class of S/N ratios,
called larger-the-better, ideally aims to achieve a target value of
infinity.
The second step of Taguchi method focuses on moving the
mean to the desired target (Fig. 1b) [15,16]. This can be accomplished through the careful selection of a design parameter(s),
which primarily affects the mean of the distribution and exhibits
minimal influence on the variation of the distribution, therefore
preserving the maximized signal-to-noise ratio achieved in step
one. This design parameter(s) is referred to as a scale factor used
to scale the mean to a desired value and can be calculated according to Eq. (1), where s is the scale factor, s is the target value, and l
is the mean of the current distribution.

S¼

s
l

ð1Þ

Due to its simplicity and proven advantages, the Taguchi method has been widely applied to engineering design problems [17–
21]. However, in the adaptation of the principles of Taguchi method, several drawbacks were routinely encountered. One of the major problems has been the inability to locate a scale factor [22–24].
There are many practical design situations where all design parameters affect both the mean and standard deviation making designation of a scale factor rather challenging or even unattainable. In
such situations, the maximized signal-to-noise ratio is not upheld
in step two, thereby causing an unintentional and coincident shifting of the standard deviation [11,16].
Furthermore, Taguchi method has been criticized for requiring
the values of the design parameters and noise factors to be defined
a priori, potentially leading to unfruitful calculations at areas of the
domain with little relevance from a design standpoint [25]. This aspect combined with the cross-product nature of design of experiments requires unduly high computational efforts to gain insight
into interactions between design parameters and noise factors
[14,26–29]. Another criticism for the Taguchi method is its inability for systematic treatment of the design constraints [30–34],
which are incorporated through a penalty on the defined objective
[35].
These drawbacks led to subsequent research, and the development of refined Robust Design methods [10,36–39] including
Bayesian [40] and optimization [41–44] based robust design methods. In Bayesian methods [45], the aim is to maximize the posterior
predictive probability that the product meets constrains imposed
on the responses [46]. In optimization based approaches to robust
design, search algorithms are used to find design parameters that
satisfy design objectives simultaneously considering the mean
and standard deviation of the performance metric. Optimization
based approaches, implemented herein, can be said to be of more
widespread use compared to Bayesian interpretations of Robust
Design, as they can also consider various constraints, such as cost
or performance related limitations with ease.
Optimization based approaches can be categorized as singleobjective [41] and multi-objective [42–44]. While in single objective optimization, the output is a single optimal solution, in the
multi-objective optimization, the vector of conflicting objectives
yield a suite of Pareto solutions. In the latter, the evaluation of
the trade-offs between conflicting objectives among Pareto solutions and the selection of the final design solution is left to the subjective opinion of the decision maker, introducing uncertainty to
the process [47]. Moreover, multi-objective optimization tech-
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Fig. 1. Two-step robust design methodology; (1a) minimize variability by altering design parameters and (1b) move mean of distribution on target through the application of
a scale factor.

niques necessitate calculation of the entire Pareto front [1],
increasing the complexity and computational demands of the
problem [10,48]. Hence, many researchers combined multiple
objectives of Robust Design through weighting factors; see for instance desirability functions [49,50] and weighted-sum approaches [51]. However, such approaches are criticized due to
the heavy dependency of the solution in the weighting factors
[1]. In the following section, we will discuss our implementation
of robust design optimization, which aggregates conflicting objectives of safety and robustness to form a single objective without
using weighting functions.
3. Robust structural design: discussion on the use of particle
swarm optimization
3.1. Formulation of problem in optimization framework
If we can conceptualize a graph sorted with noise levels (for
example force on the x-axis) and a performance metric (for example drift on the y-axis) as seen in Fig. 2, a curve connecting the system response values at each noise level, henceforth referred to as
the system response curve, can be obtained. The values and shape
of this curve will vary depending on the values chosen for (easy-tocontrol) design parameters. Typically, a threshold (T) is imposed on
the system to constrain system responses to a safe and serviceable
level. Without considering cost, the ideal robust design is then defined as a curve with a minimum variation (dv) within the plausible
noise levels that satisfy the threshold constraint. Ideally, this could
be a horizontal line (i.e., zero slope), meaning there is no change in
the system performance over all plausible noise levels, yielding an
infinitely robust structure.
In the pursuit of such a response, this research formulates a single-objective optimization problem, which incorporates robustness
to hard-to-control noise factors, safety requirements and cost effec-

Fig. 2. An illustration of the relationship between system response, safety, and
robustness for a given design parameter a.
%

tiveness considerations. Therefore, a robust design is one that simultaneously exhibits a minimal change in performance over all noise
levels, dv (robustness), and maximizes the distance between the
threshold and mean value, T–l (safety). A sensitivity index (SI) is developed by combining the robustness and safety objectives as expressed in
Eq. (2), which differ from the original S/N ratios proposed by Taguchi.
Note that a small, non-negative sensitivity index is desirable.

SI ¼

dv
;
T $l

l<T

ð2Þ

An optimization problem is developed, where the SI value is
considered the objective function and all ‘‘easy-to-control’’ parameters are considered the design variables (a vector). The goal of opti%
mization then, is to determine the design variables that minimize
the objective function. The general formulation of this optimization problem can be summarized in the following form.
Objective function : SI ðaÞ ¼
%

Constraints :

dm ðaÞ
%

T $ lðaÞ
%

dmax ðaÞ $ T < 0;
%

¼

dmax ðaÞ $ dmin ðaÞ
%

T $F

g j ðaÞ < 0;
%

Acceptable range for design variables :

AðaÞ
%

high $F low

%

; AðaÞ ¼
%

Z

F high
F low

dða;FÞdf
%

j ¼ 1; . . . ; m

aimin < ai < aimax ; i ¼ 1; . . . ; n

ð3Þ

ð4Þ
ð5Þ

where T is the maximum allowable system response (threshold) defined by building codes; dmin and dmax are the minimum and maximum performance of the system for selected design variables of a,
%
respectively; Flow and Fhigh are the lowest and highest noise factor values, respectively; dða; FÞ is the performance of the system with design
%
variables of a and noise factor level of F (Fig. 2); gðaÞ is the vector of
%
%
constraint functions defined by building codes; n is the number of design variables; and m is the number of constraint functions.
3.2. Optimization procedure
Herein, to minimize the objective function given in Eq. (3), the
Particle Swarm Optimization (PSO) method is utilized; however
this can be achieved using many other standard optimization procedures review of which is provided in [52–54]. PSO method is a
probability-based search algorithm [55], which falls under the
swarm intelligence category of optimization algorithms [56]. The
formulation of PSO is motivated by the observed behavior of the
instinctive movement of animals to find food sources [57,58]. In
PSO, the population is defined as a swarm and each individual
within the swarm is called a particle. To control the distance a particle travels in a single iteration, PSO uses three parameters, swarm
size, social acceleration coefficient, and cognitive acceleration coefficient [55]. The utilization of PSO is advantageous in this research
due to its well-suited nature for the nonlinear and discontinuous
domain and its proven superior ability in finding global minima
compared to classic optimization methods [59].
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3.3. Training the surrogate model
To find the global optima for a complex structural design problem with multiple parameters while still meeting the objective
function, thousands of finite element (FE) simulations become necessary. In cases where these FE simulations are computationally
expensive, to expedite the optimization process, a surrogate model
(also known as a response surface model or an emulator model)
can be trained using significantly fewer FE simulation results. During the training process, the design domain must be explored with
a sufficient number of adequately distributed samples. Here, the
data-points used to train the surrogate model are selected through
maxi-min Latin-hypercube sampling, which maximize the minimum distance between samples [60,61]. A least square multivariable curve fitting function is then trained as the surrogate model
[62].
In Eq. (6), Fx, Fy, X1, X2, . . . , Xj are force values and design parameters for p design configurations, where j is the number of design
parameters; D is the resulting system response calculated by the
FE software for each of the p design configuration settings. akl represents the design parameter of l in the configuration of k and with
response of dk.

3
2 3
fy1
fx1
6f 7
6 fy2 7
6 x2 7
6 7
7
6 7
Fx ¼ 6
6 .. 7; F y ¼ 6 .. 7;
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7
6
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4 . 5
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a12

3
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7
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4 . 5
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ð6Þ

dp

A matrix (M) is developed consisting of first, second, and third
degree terms of the forces (fx, fy) and design parameters (a) as
shown in Eq. (7).

2
first degree terms
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Using least square multivariate curve fitting, a matrix of coefficients (Xls) that best fits the system response is sought. This vector
is calculated as seen in the following equation:
$1

X ls ¼ ðMT MÞ M T D

2

Fig. 3. Flowchart of robust design methodology.

ð8Þ

ð7Þ

The surrogate model is then developed through Eq. (9). The
function can predict the system response for any specified design
parameter settings using the coefficients trained from the FE simulation results.

3
second degree terms
third degree terms
first degree terms
zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{ zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{ zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{
6
7
dfit ¼ 4 fx fy a1 a2 . . . aj fx2 fx fy fx a1 . . . fx aj . . . fx3 fx2 fy fx2 a1 . . . fx fy a1 . . . 5:X ls

ð9Þ

360

S.K. Dalton et al. / Engineering Structures 57 (2013) 356–363

4. Proof-of-concept application
The proposed robust structural design optimization is demonstrated through a proof-of-concept application on the design of a
reinforced concrete frame with steel cross bracings (Fig. 4).
4.1. Prototype structure and robust methodology

Fig. 4. Basic prototype geometry and boundary conditions.

Table 1
Design parameters and their constraints.
Parameter

Range of acceptable values

Area of bracing in x plane (Ax)
Area of bracing in y plane (Ay)
Width of columns (Cx)
Depth of columns (Cy)
Floor plan dimensions (Lx ( Ly)
Height of beams (hb)
Strength of concrete ðfc0 Þ
Column reinforcement ratio (q)

0 in.2–8 in.2 (0 cm2–51.61 cm2)
0 in.2–8 in.2 (0 cm2–51.61 cm2)
6 in.–24 in. (15.24 cm–60.96 cm)
6 in.–24 in. (15.24 cm–60.96 cm)
Square footage %400 ft2 (37.16 m2)
12 in.–36 in. (30.48 cm–91.44 cm)
2500 psi–5500 psi (17.24 MPa–37.92 MPa)
0.01–0.08

The PSO algorithm uses this trained surrogate model to find the
global optima for the objective function-instead of a costly FE simulation-by perturbing the design parameter values in each iteration of the algorithm.

3.4. Robust structural design algorithm
A flowchart of the robust structural design optimization process
implemented herein is given in Fig. 3. This process ensures that the
design parameters that fail to satisfy the safety or cost constraints
are not considered. The design process is terminated when the convergence criterion is met, by producing two sequential designs that
have a maximum variation of less than 10E$6 for each design
parameter. This threshold value is selected considering solution
accuracy (i.e., difference between two subsequent iterations) and
the computational costs (see Farajpour and Atamturktur [63] for
further discussion).

A preliminary structural design for the one-story, one-bay
frame is completed in accordance to ACI 318-08 Building Code
Requirements using the recommended design loads. At this step,
the allowable ranges for design parameters are identified according to ACI building codes, which constitute the design parameter
constraints (see Table 1). The nominal design is defined with the
mean values of the allowable ranges given in Table 1. This nominal
design is later used as a reference to compare the performance of
robust structural design optimization selected designs (given later
in Table 2).
The system response of interest used to define the performance
metric is the maximum inter-story drift under lateral load. A design constraint is then set to be a threshold value for maximum
drift in any horizontal direction. For this case study application,
the design constraint is set to be 4.8E$02 ft (1.46 cm), ensuring
that the drift is no more than 0.32% of the height of the columns
(H), a value that falls in the accepted guideline that a maximum
drift be no more than H/300.
In this proof-of-concept example, a single noise factor simulated by variability in the distributed force at the roof level is considered. The procedure, however, can easily be extended to
consider multiple noise factors to achieve even higher gains in
robustness. The forces kept consistent for all design configurations
by applying equivalent point loads; and thus, forces herein will be
reported in concentrated load format. The range of force values explored in this case study varies from serviceability force levels that
may be encountered during operational life of the structure 81,000
lb (360,306 N) to natural hazard or blast loadings 130,000 lb
(578,269 N). Herein, these bounds are defined primarily based on
engineering judgment and a uniform distribution is assumed in between. However, in practical applications, with known distributions of forces, the bounds can be treated probabilistically.
The design objective for this study is to achieve robustness for
the drift in columns when exposed to uncertainty in the loading at
roof level in both x and y directions (see Fig. 4). Since the fundamental principle behind robust design relies on the manipulation
of easy-to-control design parameters, the design problem must
have sufficient flexibility; i.e., sufficient number of design parameters each affecting the conflicting design objectives (safety and
cost) differently. Herein, eight design parameters are employed:
width of columns, Cx, depth of columns, Cy, dimensions of the floor

Table 2
Comparison of robust and nominal designs using PSO.

Area of bracing in x plane (Ax)
Area of bracing in y plane (Ay)
Width of columns (Cx)
Depth of columns (Cy)
Floor plan dimensions (Lx and Ly)
Height of beams (hb)
Strength of concrete ðfc0 Þ
Column reinforcement ratio (q)
Variability (dv)
Safety (T $ l)
Sensitivity index (SI)
Cost of design

Nominal design values

Robust design 500 unit cost

Robust design 345 unit cost

4 in.2 (25.81 cm2)
4 in.2 (25.81 cm2)
15 in. (38.1 cm)
15 in. (38.1 cm)
20 ' 20 ft (6.1 ' 6.1 m)
24 in. (60.96 cm)
4000 psf (191.52 kPa)
0.045
0.22 in. (0.56 cm)
0.26 in. (0.65 cm)
0.860
457 units

6.5 in.2(41.94 cm2)
4.5 in.2(29.03 cm2)
14 in. (35.56 cm)
16 in. (40.64 cm)
22 ' 18 ft (6.78 ' 5.48 m)
26 in. (66.04 cm)
3500 psf (167.58 kPa)
0.06
0.10 in. (0.26 cm)
0.43 in. (1.09 cm)
0.24
500 units

7.5 in.2(48.39 cm2)
7.0 in.2(45.16 cm2)
9 in. (22.86 cm)
18 in. (45.72 cm)
19 ' 21 ft (5.73 ' 6.48 m)
12 in. (30.48 cm)
4650 psf (222.64 kPa)
0.07
0.16 in. (0.41 cm)
0.35 in. (0.89 cm)
0.46
345 units
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plan, Lx and Ly keeping for a constant floor area, cross-sectional
area of the bracings in the planes parallel to x–z plane, Ax, crosssectional area of the bracings in the planes parallel to y–z plane,
Ay, height of the beams, hb, strength of concrete, fc0 , and column
reinforcement ratio, q. The lateral forces are applied in both x
and y directions, making a larger number of design parameters
influential on the maximum drift of the structure. The applied force
in the x-direction is assumed to be twice of that in the y-direction.
Since the geometric floor plan of the structure is a design parameter, the applied load is scaled to ensure the total horizontal load is
kept consistent between different design configurations.
Consideration must be made to ensure all plausible design configurations evaluated by the objective function are both feasible to
construct and allowable by current ACI building codes. As a result,
design parameter constraints, seen in Table 1, and imposed on the
candidate designs.
As robust structural design promotes efficiency, evaluating cost
is one of the goals of the study. Herein, cost is defined as in Eq. (10)
where Vc is the total volume of concrete, Vs is the total volume of
steel bracing, and / is the unit price of each material. The unit price
for steel is assumed to be five times that of concrete [64]. Steel rebar and structural steel connections are included in their respective unit prices.

Cost ¼

X
X
V ( /c þ
V ( us
c

s
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Fig. 6. Ensemble of considered designs with robust and nominal designs highlighted for a cost threshold of 500 units.

ð10Þ

To achieve cost-efficiency, a design constraint requirement representing cost is imposed. The cost constraint, unlike the safety constraint defined for drift, is defined as a variable, and
systematically decreased from a maximum cost of 500 units to a
minimum cost of 345 units. Such constraint reduces the member
dimensions of selected, plausible designs to those that are achievable with the available budget.
4.2. Prototype structure finite element (FE) formulation
A numerical model of the prototype structure is developed
using the commercial FE modeling package, ANSYS version 13.0.
To simulate the complex nonlinear behavior of concrete, Solid65,
a dedicated solid isoparametric element, is utilized. Solid65 is a
three-dimensional brick element with eight nodes, each allowing
three translational degrees of freedom in the global x, y, and z
directions [65]. A multilinear stress-strain constitutive material
model based on the triaxial behavior of concrete is used to simulate failure [66] with a concrete density of 150 lb/ft3 (2403 kg/
m3) (Fig. 5). Solid65, elements are capable of cracking in three
orthogonal directions, plastic deformation, creep and crushing;
however, in order to achieve convergence, crushing capabilities
are turned off. In Solid65, reinforcement bars are incorporated di-

Fig. 7. Ensemble of considered designs with robust and nominal designs highlighted for a cost threshold of 345 units.

rectly into the element through a smeared cross-section, thereby
increasing the computational efficiency of the simulation. The rebar modeled in Solid65 is capable of tension, compression, plastic
deformation and creep.
4.3. Simulation campaign
In the manner explained previously, the input-output relationship between the response of the structure and the input parameters, is represented by a fast running surrogate model. A
multivariable curve fitting function (Eqs. (7)–(9)) is trained to fit
500 FE simulated designs generated by Latin-Hypercube maximin sampling. This sampling method is advantageous in that it ensures an adequate coverage and exploration of the 8-dimensional
design domain defined by the design parameters (see Table 1).
The surrogate model is therefore a function of noise factors (i.e.,
force values in the x and y direction) and the eight design parameters. This surrogate model, used in place of the computationally
expensive FE model, is confirmed to accurately predict the outcomes of hold-out design configurations within the defined ranges
for the design parameters. Through the use of a fast running surrogate, the entirety of the solution domain can be explored with limited computational demands. This is particularly advantageous
when compared to the traditional trial-and-error based design
practices where the structural designer can only evaluate a low
number of design alternatives.
5. Optimization results and discussion

Fig. 5. Concrete material model.

During robust structural design, a swarm size of 30, social acceleration coefficient of 1.3, and a cognitive acceleration coefficient of
2.8 are used in the PSO algorithm. These values are recommended
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Fig. 8. Decrease of sensitivity index (SI) charted over increasing cost thresholds.

against the nominal design. These figures illustrate the ability of
the proposed methodology to reduce the variability in the structural response as evidenced by the comparatively low slope of
the selected robust design. It should also be noted that as expected,
a reduction in the cost threshold leads to more slender members, a
coincident increase of the drift represented by a smaller distance
between the system response curve and threshold value, and consequently results in a sacrifice in safety.
Fig. 8 illustrates the importance of cost limitations on the
robustness of the structural design. As expected, the less costly
the design, the higher the sensitivity index. However, as the cost
increases the sensitivity index begins to decrease until it reaches
a constant value. Fig. 8 shows that by increasing the cost threshold
a small amount in low-budget ranges, the sensitivity index can be
reduced significantly, resulting in a safer and more robust design
(approximately 0.39% decrease in SI with unit increase in cost).
As seen, increasing the project budget yields diminishing returns
beyond approximately 400 units (approximately 0.0938% decrease
in SI with unit increase in cost); and there is a point around 640
units where additional cost is futile in the effort to improve the design safety and robustness.
In Fig. 9, the cost of the selected robust structural design is
graphed on the y-axis and cost threshold is graphed on the x-axis.
For values less than 300 units, there are no plausible designs that
satisfy the lower bound of parameter constraints and the safety
threshold. For values of the cost threshold between 300 and 640
units, the cost of the selected robust structural design is equal to
the cost threshold. In other words, cost threshold is an active constraint, which affects the results. For a cost threshold of more than
640 units, the cost constraint is an inactive (passive) constraint,
and the solution is dominated by the upper bound of the parameter
constraints.

Fig. 9. Cost of robust design vs. cost threshold.

values that keep run times to an efficient level and reduce the possibility of the algorithm converging to local optima [55,67,68]. The
designs obtained through robust structural optimization are
shown in Table 2 and Figs. 6 and 7.
Herein, the goal of the robust structural optimization is to minimize the sensitivity index such that the resulting set of design
parameter values provides a design that is robust to variability in
lateral force while limiting the drift values and ensuring the project
cost stays within budget. When comparing the two optimized
structural designs with different cost thresholds with the nominal
design, as shown in Table 2, it is clear that the stated goal of this
manuscript can be achieved via the use of sensitivity index.
Compared to the nominal design, a 72.1% decrease in the sensitivity index for the design is obtained with a 500 unit cost threshold (54% decrease in the variability and 68% increase in the safety),
and a 46.5% decrease in the sensitivity index is obtained with a 345
unit cost threshold (27% decrease in the variability and 37% increase in the safety). Note that, the 345 unit cost design is less
expensive but more robust than the 457 unit cost nominal design
case, confirming that a robust structural design solution can be
achieved with reduced cost. Also note that although the design
for the 500 unit cost threshold is more expensive than the nominal
design, for some building owners, this increase in price may be
acceptable in that the upfront cost is offset by the increase in
robustness over the life of the structure.
The reduction in the variability of the structural response
through robust structural design optimization is illustrated in
Figs. 6 and 7 for the optimized design with a cost threshold of
500 units (Fig. 6) and 345 units (Fig. 7). These figures show the
ensemble of designs considered in the optimization process given
cost and drift thresholds. The selected robust design is highlighted

6. Conclusion
This paper presents a structural design methodology that can be
used to maximize robustness in structural engineering. The methodology is demonstrated using a reinforced concrete frame with
steel bracings as a proof of concept example. A sensitivity index
is defined as a function of robustness. The robust structural design
is sought by minimizing this sensitivity index and by considering
the cost as the optimization constraint. To expedite the robust design process and reduce the evaluation time of the objective function, a surrogate model is trained. The use of the surrogate model
to predict the response of the structure in place of the finite element code not only reduces the computational demands but also
provides an evaluation of the entire design domain. The proposed
methodology is versatile in that it can be implemented using any
global optimization algorithm.
Using only a single noise factor, the robust structural design
optimization is demonstrated to be effective in reaching a design
that is robust for a given budget. Incorporation of more noise
sources to the design is expected to increase the benefits of the
proposed method. The proposed approach also supplies an excellent tool to investigate the trade-offs between cost and robustness.
The nonlinear relationship between the cost and robustness index
depicts that increasing the cost threshold reduces the sensitivity
index by a variable amount depending on the design constraints
and initial budget.
The high computational cost of the presented approach is its
major drawback. This drawback would be amplified for large and
highly complex structures that incorporate many design parameters, constraints, and uncertain parameters and multiple noise
factors.
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