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A B S T R A C T

Robust design optimisation (RDO) of performance-based seismic design (PBSD) has been established as a 
rigorous approach for obtaining optimal solutions that are minimally sensitive to record-to-record (RTR) vari
ability of ground motions used in nonlinear response history analysis (NLRHA). However, this method is not able 
to explicitly account for the suite-to-suite (STS) variability due to the epistemic uncertainties associated with 
ground motion selection, especially when each suite is selected and scaled based on the requirements of the 
seismic design codes currently in force. To account for this uncertainty, this paper proposes a novel formulation 
for robust optimisation, which explicitly accounts for ground motion suite variability. In this method, one 
objective is to minimise the dispersion in the probability of limit state violation due to STS variability and the 
other objective is to minimise the economic costs. To increase the computational efficiency of the proposed 
method, surrogate seismic demand models are developed and applied to assess the probability of limit state 
violation. The application of the proposed framework is demonstrated using a case study of a typical reinforced 
concrete (RC) highway bridge with cylindrical piers, and the ability of the RDO framework to account for the STS 
variability is discussed. Finally, the Pareto-optimal solutions obtained from the proposed approach are compared 
with those given by the conventional RDO approach.

1. Introduction

Reinforced concrete (RC) bridges are critical, yet resource-intensive, 
components of transportation networks, particularly in seismically 
active regions. Optimising material usage in RC bridges is essential not 
only to reduce costs associated with cement and steel but also to support 
global decarbonisation efforts by minimising the carbon footprint of 
these materials. However, applying these strategies in isolation may lead 
to designs that are highly sensitive to the uncertainties associated with 
seismic performance [1].

The seismic performance assessment of RC bridges is an active area 
of research. For example, recent studies [2–6] have focused on the 
nonlinear dynamic response of RC bridges under earthquake loading, 
considering different ground motion characteristics such as near-field 
and far-field excitations, as well as spatial variability and other record 
features influencing structural demand [2,3,6]. Nonlinear response 
history analysis (NLRHA) is widely adopted as the most accurate method 
for estimating seismic demands across different hazard levels. A key 
challenge associated with NLRHA is the selection of an appropriate suite 

of recorded or simulated ground motions [2].
Design codes such as fib Model Code (MC) 2010 [7], Eurocode 8 [8,

9], and ASCE 7 [10] recommend the use of a sufficiently large suite of 
natural ground motion records when employing NLRHA for seismic 
design. The inherent record-to-record (RTR) variability of these motions 
contributes greatly to the uncertainty in seismic design. Such uncer
tainty necessitates the use of probabilistic optimisation frameworks 
accounting for the variability in input parameters. Two of such methods, 
commonly used in seismic design, are reliability-based design optimi
sation (RBDO) and robust design optimisation (RDO) [11,12].

The primary aim of typical RBDO is to minimise an objective func
tion (e.g., cost or weight) while enforcing reliability-based constraints, 
such as target values for the probability of limit state exceedance or a 
specified reliability index [13,14]. An alternative formulation of RBDO 
seeks to include the reliability measure as an optimisation objective. 
This approach is typically formulated as a multi-objective optimisation 
framework where probability of structural failure (non-performance), or 
reliability index, is optimised alongside a cost function, while satisfying 
a combination of deterministic and/or probabilistic constraints [15–17]. 

* Corresponding author.
E-mail address: panagiotis.mergos.1@citystgeorges.ac.uk (P.E. Mergos). 

Contents lists available at ScienceDirect

Soil Dynamics and Earthquake Engineering

journal homepage: www.elsevier.com/locate/soildyn

https://doi.org/10.1016/j.soildyn.2026.110659
Received 8 April 2026; Received in revised form 16 July 2026; Accepted 18 August 2026  

Soil Dynamics and Earthquake Engineering 212 (2027) 110659 

Available online 4 September 2026 
0267-7261/© 2026 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://orcid.org/0009-0002-3926-2158
https://orcid.org/0009-0002-3926-2158
https://orcid.org/0000-0003-3817-9520
https://orcid.org/0000-0003-3817-9520
https://orcid.org/0000-0002-5566-5021
https://orcid.org/0000-0002-5566-5021
mailto:panagiotis.mergos.1@citystgeorges.ac.uk
www.sciencedirect.com/science/journal/02677261
https://www.elsevier.com/locate/soildyn
https://doi.org/10.1016/j.soildyn.2026.110659
https://doi.org/10.1016/j.soildyn.2026.110659
http://creativecommons.org/licenses/by/4.0/


In a reliability analysis, failure probability is usually estimated via 
Monte Carlo Simulation (MCS), often with sampling, incorporating 
variations in both seismic demands and structural capacity.

In contrast, RDO typically focuses on the impact of stochastic vari
ations in design parameters on the deviation of structural response at 
specific performance limit states. Lagaros and Fragiadakis [18] high
lighted the importance of incorporating the dispersion in seismic de
mands as an objective function in RDO, subject to performance-based 
seismic design (PBSD) constraints. This approach addresses the random 
nature of input parameters by controlling the variability of the seismic 
response parameters. RDO has been formulated and applied in the 
seismic design of different structures, including RC bridges [19,20]. 
More recently, Soltanieh et al. [1] proposed an RDO framework for the 
seismic design of RC bridge piers, seeking for solutions that are least 
sensitive to RTR variability and uncertainties associated with structural 
parameters, while satisfying PBSD constraints.

While the above-mentioned methodologies follow different optimi
sation objectives, they are able to account for the aleatory uncertainties 
related to the ground motion RTR (intra-suite) variability. However, 
these methods per se do not explicitly account for the epistemic un
certainties associated with the ground motion selection variability, 
which may lead to suite-to-suite (STS) (inter-suite) variability [21,22]. 
Although both RTR and STS variabilities originate from the inherent 
variability of earthquake ground motions, STS variability reflects the 
uncertainty associated with estimating a design performance statistics 
using a suite with a finite (typically small) number of ground motions. 
Consequently, expected seismic performance of an optimal design may 
be sensitive to the ground motion suite selected by the designer to satisfy 
a set of selection criteria [23,24]. This variability partly arises due to the 
fact that seismic design codes, including Eurocode 8 [9], provide 
generalised, non-prescriptive guidelines that permit ground motion se
lection and scaling based on the minimum criteria such as site-specific 
seismological constraints and constant-amplitude scaling to 
code-defined spectrum. Therefore, two practitioners following the same 
code-based ground motion selection procedure may still select dissimilar 
suites of records. It must be noted that recent codes, such as the forth
coming Eurocode 8 [9], alternatively allow for more refined ground 
motion selection and scaling methods based on the uniform hazard 
spectrum (UHS) and conditional spectrum (CS) [25–27]. Despite the 
rigour of these methods, they are less frequently used in engineering 
practice, primarily due to their complexity [28–30]. In any case, the 
epistemic uncertainty associated with STS variability persists in the 
PBSD problems [22].

The present paper proposes a new formulation for RDO within the 
context of PBSD of RC ductile-pier bridges, explicitly accounting for the 
STS variability. The aim is to explore the space of design variables 
subject to code-defined PBSD safety constraints to identify design solu
tions that are (i) cost-effective and (ii) minimally sensitive to the STS 
variability. A two-objective optimisation problem is defined to minimise 
the economic costs and the dispersion in the probability of limit state 
violation (Pviol) induced by STS variability. Use of probability-based 
objectives to quantify performance robustness against input un
certainties has been motivated by various engineering applications of 
RDO [31,32]. However, this study presents the first formulation of RDO 
using such an objective for PBSD of bridge piers. Furthermore, this is the 
first study addressing the STS variability through a structural optimi
sation framework.

The application of the proposed RDO methodology is demonstrated 
for seismic design optimisation of a representative RC bridge case study 
with circular piers and monolithic deck-to-pier connection. The opti
misation constraint functions are set based on the fib MC2010 re
quirements. For calculation of the robustness measure (i.e., deviation of 
Pviol), surrogate seismic demand models are generated to increase the 
computational efficiency of RDO using a limited, yet representative, set 
of simulations. A distinguishing feature of these models is their ability to 
explicitly predict the standard deviation of seismic demands at different 

seismic action levels defined in fib MC2010. Lastly, the Pareto-optimal 
solutions obtained from the proposed RDO framework of this study 
are compared with those resulted from the conventional RDO approach.

2. Proposed robust design optimisation (RDO) framework

2.1. Formulation

Prior to introducing the proposed framework, the conventional 
formulation of RDO is briefly reviewed. In the context of seismic design, 
the generic form of RDO can be expressed as a two-objective optimisa
tion problem [1,18]: 

Minimise: [C(x), σθmax (x)]
Subjected to: gr(x) ≤ 0 r = 1 : nc

Where: x =
(
x1, x2,…, xp

) (1) 

wherein C(x) is the cost function and σθmax(x) is the standard deviation 
of seismic demand (e.g., drift or rotation demands) for the design 
candidate x with p independent design variables, subject to the optimi
sation constraints gr(x) ≤ 0 (r = 1 to nc), where nc is the total number of 
constraints.

The aforementioned framework involves some limitations: (i) 
although it accounts for RTR variability within a single ground motion 
suite, it is not able to account for the design robustness against the STS 
variability, (ii) the objective function σθmax(x) can only measure the 
robustness at each limit state distinctly and does not represent a unified 
measure over all limit states simultaneously, and (iii) the objective 
function σθmax(x) only represents the dispersion in seismic demands due 
to input variables and does not account for the structural limit state 
violation (i.e., demand versus capacity) and its associated uncertainties. 
These limitations motivate the development of the RDO framework put 
forward in this study, which is formulated as a bi-objective optimisation 
problem as follows: 

Minimise:
[
C(x), σPviol (x)

]

Subjected to: gr(x) ≤ 0 r = 1 : nc
Where: x =

(
x1, x2,…, xp

) (2) 

where the first objective is to minimise the cost function C(x), and the 
second one is to minimise the standard deviation of the probability of 
limit state violation Pviol (denoted as σPviol), which is introduced in the 
present study in order to quantify robustness to ground motion suite 
variability. The optimiser explores the design search space (x) with p 
independent design variables to find a balance between the objectives C 
(x) and σPviol under the optimisation constraints gr(x). A trade-off will be 
made here between the conflicting objectives of cost-effectiveness and 
the sensitivity of Pviol with respect to variation in the selected suite of 
ground motions. The remainder of this section elaborates on each 
component of the optimisation problem.

2.2. Design variables

In sizing optimisation of RC bridges in seismic regions, cross- 
sectional dimensions and steel reinforcement ratios of the piers are the 
most common design variables [33,34]. Accordingly, the design vari
ables x adopted in this study include the dimensions and steel rein
forcement ratios, both longitudinal and transverse, of pier critical 
cross-sections. In the case of circular bridge piers, this can be 
expressed as x = (D, ρl, ρw) where D is the diameter, ρl is the longitudinal 
reinforcement ratio, and ρw is the transverse reinforcement ratio. All 
design variables are assumed discrete to align with construction prac
tices. The description can be generalised to bridges with multiple piers 
by defining each parameter as a sub-vector that contains the corre
sponding properties of each pier, e.g., D = (D1, D2, …), allowing 
non-identical pier configurations to be represented.
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2.3. Optimisation constraints

Two sets of code-based optimisation constraints gr(x) are defined, 
including structural detailing parameters (SDP) and PBSD constraints 
[35]. In this study, and in the context of relevance to practical design, 
these constraints are defined in accordance with fib MC2010 [7] a 
document that reflects the modern seismic design ‘philosophy’. The SDP 
constraints include the minimum and maximum diameters of reinforc
ing bars, permissible spacing, and the lower and upper bounds of 
volumetric ratios for longitudinal and transverse reinforcement, among 
others. The PBSD constraints are primarily associated with the service
ability limit state (SLS) and the ultimate limit state (ULS). The SLS 
comprises two performance levels, including operational (OP) and im
mediate use (IU), and the ULS includes life safety (LS) and near collapse 
(NC), each reflecting different degrees of structural damage.

A quantitative description of the structural performance re
quirements associated with the seismic action levels specified in fib 
MC2010 is provided in Table 1. As shown in this table, for different 
levels of seismic action, the design safety is evaluated by comparing the 
mean of maximum chord-rotation demands at kth seismic action level, 
θ(k)max,m, with the design values of chord-rotation capacities, θ(k)c,d , at the 
corresponding limit state. The generic form of the PBSD constraint 
function at kth limit state, g(k)r (x), can be expressed as Eq. (3). 

θ(k)
max,m ≤ θ(k)

c,d⇒
θ(k)

max,m

θ(k)
c,d

− 1 ≤ 0 where
θ(k)

max,m

θ(k)
c,d

− 1 = g(k)r (x) (3) 

This ensures that unsafe designs are avoided through the perfor
mance constraints imposed on each limit state and prevent the optimi
sation algorithm from favouring designs that exhibit robustness but are 
unsafe.

In Table 1, the yield chord-rotation θy is defined as the sum of flex
ural and shear deformations in addition to the slippage of the tension 
bars from their anchorage in the joints or the foundation, as proposed by 
Biskinis & Fardis [36]. For LS and NC limit state verifications, the plastic 
part of the maximum chord-rotation demands is compared with the 
plastic part of the characteristic chord-rotation capacity θpl,uk divided by 
the safety factors (γ*R) given in Table 1. The θpl,uk is estimated using 
mean chord-rotation capacity (θpl,um) divided by the model uncertainty 
factor (γRd = 2). The θpl,um is the sum of the inelastic curvature along the 
plastic length at the end section and the post-yield part of fixed-end 
rotation due to slippage of longitudinal reinforcement from the 
anchorage zone [37]. The uncertainty factor γRd is to convert θpl,um to the 
lower 5% fractile capacity [7]. The new Eurocode 8 [9] includes a new 
set of γRd values, based on reliability-based calibrations reported in 
Ref. [38], which was not available at the time the present study was 
carried out.

In addition to the deformation-based constraints, the bridge pier is 
checked against the shear resistance of the plastic hinge VRd that reduces 
with increasing plastic rotation demands under seismic action [37]. The 
VRd is calculated based on Eurocode 8 [39], since it accounts for the 
reduction under cyclic loading and agrees well with the experimental 
resistance of numerous RC columns subject to cyclic tests in Ref. [40].

2.4. Objective functions

The first objective function is the cost of materials C(x) of bridge 
piers, as shown in Eq. (4). 

C(x)=Cc(x) + Cs(x) (4) 

where Cc represents the cost of concrete, calculated by multiplying the 
concrete volume (m3) by the unit cost of concrete (€/m3). Similarly, Cs is 
the cost of reinforcing steel, determined by multiplying the total mass of 
steel reinforcement (kg) by its unit cost (€/kg). For simplicity, this paper 
focuses solely on the RC material costs in the optimisation problem. 
However, additional construction costs (e.g., formwork and labour) can 
be incorporated into the cost function C(x) if necessary [35,41].

The second objective function σPviol is the standard deviation of the 
probability of limit state violation (Pviol) due to STS variability. First, the 
Pviol is calculated for each ground motion suite separately. A limit state 
violation occurs when the seismic demand obtained from the ith random 
simulation of the seismic response of the bridge pier at the kth seismic 
action level, θ(k)max,i, exceeds the corresponding limit state capacity 

threshold θ(k)c,i . Pviol is defined as the mean probability of exceedance 
across all considered limit states, providing a single unified performance 
metric over the various seismic action levels. An estimate of Pviol is ob
tained using MCS and can be expressed as: 

Pviol =
1

l⋅N
∑l

k=1

∑N

i=1
I
(
z(k)i

)
(5) 

where the outcome of the double summation is the total number of 
unsuccessful simulations (limit state violations) across all limit states, l is 
the number of limit states (l = 4 in this paper), and N is the total number 
of random simulations at each limit state. Furthermore, I(⋅) is a binary 
indicator defined as: 

I
(
z(k)i

)
=

{
1 θ(k)

max,i > θ(k)
c,i

0 otherwise
(6) 

where θ(k)c,i is the random realisation of θ(k)c,d described in Table 1 without 
applying the uncertainty factor related to ultimate limit states as the 
uncertainties associated with the limit state capacities are explicitly 
accounted for through the MCS process.

2.5. Solution strategy

The numerical strategy used to solve the proposed RDO framework is 
presented in this section. Fig. 1 depicts the flowchart of the solution 
strategy followed to solve the design optimisation problem. For 
simplicity of illustration, the flowchart considers either a single-pier 
bridge or a symmetric bridge with piers of equal height. Accordingly, 
all piers are assumed to have the same diameter D and identical longi
tudinal and transverse reinforcement ratios, ρl and ρw. The solution 
strategy is described in the following. 

Step 1 – Compile a parent ensemble of ground motions. A large 
ensemble of historical ground motion records is selected from the 
available qualified strong-motion databases. These records should 
represent, as much as possible, the seismological characteristics of 
the region under consideration, including earthquake magnitude, 
source-to-site distance, tectonic environment, and local site condi
tions. Relaxing the seismological constraints would increase the RTR 
variability, while, inversely, enforcing advanced selection criteria, 
such as spectrum compatibility, would reduce the variability [28].

Table 1 
Seismic performance limit states as per fib MC2010 and corresponding action levels.

Limit States OP IU LS NC

θc,d Mean value of θy Twice the mean value of θy θpl,uk/γ*R (γ*R = 1.35) θpl,uk/γ*R (γ*R = 1.00)
Seismic 

Actions
Frequent; 70% probability of 
exceedance in service life

Occasional; 40% probability of 
exceedance in service life

Rare; 10% probability of 
exceedance in service life

Very Rare; 2~5% probability of 
exceedance in service life
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Step 2 – Select the design variables D and ρl. The optimiser selects a 
set of discretised values of the pier design variables (D, ρl) to make a 
design candidate. The selected candidate is checked for SDP verifi
cations and construction practice. According to the fib MC2010 
design approach, only knowledge of D and ρl is required to create the 
pier model and obtain the seismic demands through NLRHAs. Thus, 
the demand estimation is independent from ρw which is treated as a 
secondary design variable in Step 4.
Step 3 – Select and scale a suite of ground motions. A suite (subset) of 
at least seven ground motions (NGM ≥ 7) [7-9] is randomly sub
sampled from the parent ensemble of records. The records are scaled 
to represent the required seismic hazard levels using a constant- 
amplitude scaling procedure which serves as a minimum re
quirements by major seismic design codes [28] including, i.a., the 
second-generation Eurocode 8 [9]. Following the recommendations 
of fib MC2010 throughout this study, each horizontal component of a 
ground motion is treated independently. Each component is scaled 
such that its 5%-damped elastic response spectrum does not fall 
below 90% of the target spectrum over the period range 0.2T1–2T1, 
where T1 is the fundamental period of the bridge.
Step 4 – Check PBSD constraints and determine ρw. A deterministic 
realisation of the bridge model is generated using the mean (nominal) 
values of pier structural capacities (i.e., θy and My). NLRHAs are 
performed on the deterministic realisation using the ground motion 
suite from Step 3. The serviceability (OP and IU) and ultimate (LS 
and NC) limit states are examined. For the ultimate limit state veri
fication, the design variable ρw is determined as the minimum value 

required to satisfy the SDP constraints and offer adequate flexural 
deformation capacity (θpl,uk) and shear resistance (VRd). At the end, if 
all design constraints are satisfied, a design candidate is branded as 
design solution. On the other hand, if the optimisation constraints are 
not satisfied at any point, the design is not feasible and the optimiser 
returns to Step 2.
Step 5 – Calculate Pviol for the design solution through MCS. To 
include the structural uncertainties, random realisations of the bridge 
pier model are created using statistical moments of the pier struc
tural capacities. Each random realisation is then analysed using the 
adopted suite of ground motions through NLRHAs to account for the 
intra-suite RTR variability. Next, the Pviol is calculated by comparing 
the random simulations of structural demand with their corre
sponding limit state capacity. To improve the computational effi
ciency of Pviol estimation in this step, surrogate seismic demand 
models may be developed and employed in lieu of full NLRHAs. 
These surrogates are constructed specifically for the same ground 
motion suite selected for PBSD in Step 4. The detailed methodology 
for generating the suite-specific surrogate seismic demand models is 
subsequently presented in Section 3.
Step 6 – Calculate the optimisation objectives σPviol(x) and C(x). 
Steps 3–5 are repeated using a total number of Nsuite various ground 
motion suites subsampled from the parent ensemble of records. 
Partial replication of ground motion records, meaning that a given 
record may appear in more than one suite. However, to avoid the 
dominance of specific records in the MCS, replication may be 
controlled by ensuring that all ground motions are used an equal 

Fig. 1. Flowchart of the solution strategy.
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number of times across the generated suites. The suite-specific sur
rogate demand models are subsequently employed within the Monte- 
Carlo simulation procedure to estimate the corresponding suite- 
specific Pviol. Finally, the collection of Pviol values obtained from all 
suites is used to quantify the optimisation objective σPviol(x).
Step 7 – Repeat steps 2 to 6. The optimiser continues the search of 
design space (D and ρl) until all design candidates are evaluated.

3. Surrogate seismic demand modelling

Surrogate models (metamodels) may be integrated into the MCS 
phase of the solution strategy to help with computational efficiency of 
seismic demand estimation through NLRHA. This section outlines the 
procedure for development and validation of suite-specific surrogate 
seismic demand models constructed for each seismic action level. These 
models are not intended to predict response histories or individual 
nonlinear analysis outcomes. Instead, they are trained to predict the 
statistical characteristics of the seismic demand, namely its mean and 
standard deviation, obtained from ensembles of nonlinear analyses.

3.1. Design of experiments

The experimental designs involve combinations of predictor 

variables used to train the surrogate models. This approach reduces the 
number of computationally expensive simulations while improving the 
quality and predictive capabilities of the models [42]. The sequence of 
experiments is represented as a matrix with each row corresponding to a 
specific experimental design run. For each run, a set of structure-related 
predictor variables and an earthquake-related predictor variable are 
specified.

3.1.1. Structure-related predictor variables
Soltanieh et al. [1] demonstrated the strong correlation between the 

nominal values of My and θy, denoted as (My, θy), and chord-rotation 
demands. Therefore, My and θy values are selected as the 
structure-related predictor variables in this study. These values are 
directly determined by the design variables (D, ρl), using the closed-form 
equations presented in Ref. [36].

To ensure efficient coverage of the search space with fewer samples, 
a targeted sampling strategy is adopted. In this approach, m different 
samples of (My, θy) corresponding to (D, ρl) are manually selected from 
the entire space of design candidates. For each sample, Latin hypercube 
sampling (LHS) is next applied to generate Nsim random realisations of 
the pier moment-rotation model using the statistical moments of (My, θy) 
given by Biskinis & Fardis [36]. This is to take into account the un
certainties associated with structural parameters for each selected 

Fig. 2. Schematic illustration of generating experimental designs.

S. Soltanieh et al.                                                                                                                                                                                                                               Soil Dynamics and Earthquake Engineering 212 (2027) 110659 

5 



sample. Fig. 2(a) schematically presents the sampling approach.

3.1.2. Earthquake-related predictor variables
For each suite, the average peak ground acceleration (PGA) of scaled 

ground motions, denoted as PGA, is defined as the earthquake predictor 
variable. First, the geometric mean (PGAi) of scaled horizontal compo
nents (PGAX and PGAY) of each ground motion is calculated. Then, the 
PGA is estimated as the average of the PGAi values. Fig. 2(b) schemat
ically illustrates the calculation procedure of PGA at each limit state. The 
PGA values corresponding to the OP, IU, LS, and NC limit states are 
denoted as PGAOP, PGAIU, PGALS, and PGANC, respectively.

In general, PGA has been widely used in surrogate seismic demand 
modelling for bridges (e.g., Refs. [43,44]). Use of PGA is particularly 
advantageous in applications where structural properties vary across the 
analysis domain, such as seismic design optimisation. It should be noted, 
however, that spectral intensity measures such as Sa(T1), which have 
been commonly recognised as appropriate predictors for bridge surro
gate seismic demand modelling (e.g., Refs. [45,46]), may also be 
adopted as alternatives. In the present study, the surrogate models are 
specifically intended for integration within a seismic design optimisa
tion framework, where seismic demands are estimated iteratively for 
numerous bridge pier designs with varying geometric and reinforcement 
properties. Consequently, the bridge fundamental period varies across 
candidate designs, and the use of structure-dependent intensity mea
sures would require the earthquake predictor variable to be re-evaluated 
for each design iteration. This issue was examined in a preliminary 
study, where it was observed that the use of average Sa(T1) did not lead 
to improved predictive performance compared to average PGA for the 
considered dataset. Hence, average PGA was adopted as a simple and 
uniform earthquake predictor for the surrogate seismic demand models, 
ensuring consistency across all candidate bridge designs throughout the 
optimisation process.

3.1.3. Estimation of the structural response (target data)
As shown in Fig. 2(c), Nsim random realisations of each structure- 

related sample m are generated and analysed using a suite of NGM 
ground motions, resulting in Nsim × NGM NLRHAs. This approach ensures 
that both the RTR variability of ground motions and the uncertainty in 
structural parameters are captured. The maximum chord-rotation de
mands at the bridge piers are recorded for each simulation and seismic 
action level. The mean (μ) and standard deviation (σ) of these demands 
(e.g., μθmax and σθmax) are calculated and employed as the target (output) 
data for training surrogates at each limit state distinctly. The output 
parameters are defined in Table 2. In this manner, each row of the 
experimental design matrix consists of (My, θy, PGA) as input variables. 
For serviceability limit states, the corresponding output variables used 
for surrogate training are (μθmax, σθmax). For ultimate limit states, the 
output variables are (μθp,max and σθp,max). The experimental design ma
trix is completed by repeating the above-mentioned procedure for all m 
structural samples.

3.2. Metamodels fitting and accuracy

Three statistical learning techniques are employed in this research 
for generating surrogate seismic demand models, including Polynomial 
Response Surface Models (PRSM), Radial Basis Function Networks 

(RBFN), and Multivariate Adaptive Regression Splines (MARS). These 
surrogate modelling approaches are well-established in the development 
of surrogate seismic demand models [43,46] and are consistent with the 
objectives of the present study. Quadratic PRSMs are conventionally 
used in engineering applications with acceptable performance in pre
dicting output responses and because of their simplicity, transparency, 
and closed-form representability. Besides, RBFNs have demonstrated 
their ability to provide excellent approximations for a wide range of 
response functions [47,48]. RBFN is a powerful surrogate modelling 
technique that shares certain similarities with neural networks while 
possessing distinct characteristics. Among its main advantages are fast 
training and the ability to generalise well even when relatively small 
training datasets are available. In addition, MARS is a nonparametric 
regression approach that does not assume any specific functional rela
tionship between predictor variables and target data [49]. MARS has 
demonstrated high prediction accuracy due to its adaptive nature and 
computational efficiency [46]. This method combines piecewise-linear 
and piecewise-cubic regression techniques. Despite the aforemen
tioned advantages of the selected statistical learning techniques, it is 
acknowledged that more recent statistical learning techniques, such as 
gradient boosting machines and other ensemble tree-based methods, 
could also be employed, particularly when larger datasets are available 
and more complex models requiring additional hyperparameter tuning 
can be effectively trained.

Cross-validation is employed to mitigate bias that may arise from the 
arbitrary selection of training and validation samples [46]. In this 
research, the repeated random sub-sampling cross-validation procedure 
[50] is employed. This technique involves randomly selecting 80% of 
the response data of bridge pier as the training dataset, while the 
remaining 20% is reserved for validation purposes. Each metamodel is 
then fitted to the training set, and the predictive accuracy is assessed 
using the validation set through various goodness-of-fit estimates. This 
process is repeated multiple times to minimise the variation in the 
average goodness-of-fit estimate. Two goodness-of-fit measures, namely 
the adjusted coefficient of determination (i.e., adjusted R-squared) and 
the root mean square error (RMSE), are employed to evaluate the fitting 
and predictive accuracy of the surrogate models. Adjusted R-squared 
and RMSE provide different perspectives on the performance of a pre
dictive model. Using both adjusted R-squared and RMSE to evaluate the 
accuracy of predictions is an acceptable approach, since these two 
metrics provide complementary information about performance of the 
predictive models [46,51].

3.3. Probability distribution of seismic demands

Following the generation of surrogate seismic demand models, the 
last step involves predicting the structural response distribution for a 
given design solution. The mean and standard deviation of rotation 
demands (ŷμ|i and ŷσ|i) are approximated for individual design solutions 
using the seismic demand models. These parameters are a function of the 
nominal values of structural parameters (My, θy) and PGA values of the 
selected ground motion suite at each seismic action level. 

ŷμ|i = f
(
My, θy, PGA

)
, ŷσ|i = g

(
My, θy, PGA

)
(7) 

Upon obtaining the mean (ŷμ|i) and standard deviation (ŷσ|i), prob
ability distribution of rotation demand can be simulated. The simulated 
rotation demand (ŷi) under a normal distribution assumption can 
mathematically be expressed by the following equation [43]: 

ŷi = ŷμ|i + N
[
0, ŷσ|i

]
(8) 

In this equation, the first term (ŷμ|i) refers to the predicted mean 
demand values, and the second term represents normal distribution with 
mean of zero and standard deviation of ŷσ|i. Eq. (8) allows to explicitly 
account for the RTR variability and uncertainties of structural 

Table 2 
Target parameters for training surrogate models.

Parameters Description Symbol

Mean of maximum chord-rotation demands (θmax) μθmax

Standard deviation of maximum chord-rotation demands (θmax) σθmax

Mean of maximum plastic chord-rotation demands (θp,max) μθp,max

Standard deviation of maximum plastic chord-rotation demands (θp,max) σθp,max
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parameters in the probability distribution of seismic demand (ŷi). It is 
noted that a lognormal (logN) distribution may alternatively be applied 
to describe the spread of seismic demands.

4. Application of the proposed RDO framework

4.1. Bridge case-study

The bridge case-study, adopted from Bouassida et al. [52], comprises 
a three-span continuous voided slab deck with intermediate span length 
of 35 m and end span lengths of 23 m. The top flange width of the su
perstructure deck is 10 m and consists of a post-tensioned cast-in-situ 
concrete voided slab. The superstructure is simply supported on the 
abutments through a pair of bearings allowing free sliding in both 
horizontal axes without impact with the abutment back-wall [53]. At the 
interior supports, the superstructure is supported by two similar 
single-column piers with circular section. The clear height of the piers is 
8m, and each pier is supported by a shallow foundation located on firm 
deposits. At the top, the piers are monolithically connected to the su
perstructure deck. The bridge pier under consideration is made of 
C30/37 concrete with characteristic cylinder strength fck = 30 MPa and 
S500 reinforcing steel (fyk = 500 MPa). Except the pier design variables 
(D, ρl, ρw), assumed the same for both piers, all other geometrical and 
mechanical properties of the pier are treated as the design parameters 
with fixed values. More details regarding geometric properties, deck 
loading, and mechanical characteristics of the bridge case-study can be 
found in Bouassida et al. [52].

4.2. Bridge finite element model

A three-dimensional finite element model of the RC bridge is 
developed in OpenSees [54]. Fig. 3 schematically illustrates the nu
merical modelling approach adopted in this study. The deck members 
are modelled using elastic beam-column elements along the centre axis 

of the deck in the longitudinal direction [55]. The flexural and torsional 
stiffness of the deck elements are calculated based on the geometric and 
material characteristics of the section. The uncracked flexural stiffness 
of the prestressed concrete deck is considered. The torsional stiffness is 
50% of the uncracked stiffness. Superstructure mass is distributed and 
assigned to the deck nodes. The superstructure is assumed to slide freely 
at the abutment seats. Deck nodes are connected to the piers’ nodes at 
top using rigid links. The pier foundation is assumed to rest on stiff soil 
and be of such size that foundation compliance could be ignored.

The regions of plastic hinge at the top and bottom of piers are 
modelled assuming lumped plasticity. The nonlinear material behaviour 
of plastic hinges is modelled using zero-length rotational spring ele
ments [56]. Furthermore, the uniaxial bilinear Hysteretic material in 
OpenSees is used to model the bilinear rigid-plastic moment-rotation 
hysteretic behaviour of the plastic hinges following the recommenda
tions of fib MC2010. The remaining length of the pier is assumed to 
remain elastic and is modelled using the elastic beam-column elements. 
In both the fib and the Eurocode 8 design frames, yield moment My, 
yielding chord-rotation at the member end θy, and shear span Ls are the 
parameters required for modelling the secant stiffness at yield EIeff and 
the nonlinear behaviour of the plastic hinge length. These parameters 
are calculated here based on the mechanics-based analytical models 
developed by Biskinis & Fardis [36] calibrated on the basis of a large 
number of test results.

4.3. Design variables

The range of design variables (D, ρl, ρw) selected for the bridge case- 
study under investigation is between the minimum of (1.0m, 0.5%, 
0.25%) and the maximum of (2.5m, 4%, 1.25%) [34,36]. This range is 
equivalent to a variation of yield moment capacity My between 4 MNm 
and 50 MNm, and yield rotation capacity θy (i.e., in transverse direction) 
between 0.015 rad and 0.0075 rad, respectively. For practical (SDP) 
constraints, the size of longitudinal reinforcement bars ranges between 

Fig. 3. Schematic view of the bridge finite element modelling approach.
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18 mm and 40 mm assuming a single-layer arrangement. Furthermore, 
the size and arrangement of longitudinal and transverse reinforcement 
bars are restricted in the present study by construction considerations 
and structural detailing requirements in fib MC2010. The minimum 
hoop spacing is considered to be no less than 7 mm [34].

4.4. Ensemble of ground motions

To demonstrate the application of the proposed RDO framework in 
this paper, it is assumed that the minimum code requirements for 
selecting and scaling ground motion records, as allowed by fib MC2010 
[7], are adopted to account for RTR variability. In this case, natural 
records are selected based on the seismological constraints, and 
constant-amplitude scaling is applied to match the records the 
code-defined target spectrum at different seismic action levels [28,30]. 
This approach is applied in the vast majority of actual design studies, 
also known as the basic requirements by other major seismic design 
standards including Eurocode 8 [9].

In the aforementioned context, a set of recorded ground motions 
proposed by Medina and Krawinkler [57] are obtained from the PEER 
NGA strong motion database. The set represents far-field earthquakes 
without pulse-like features recorded on stiff soil. It consists of 80 ground 
motions with Mw between 5.8 and 6.9, R between 13 km and 60 km, and 
fault rupture mechanisms of strike-slip, reverse-slip, and 
reverse-oblique. All ground motions are characterised by a shear wave 
velocity, Vs30, between 180 m/s and 360 m/s. The original set is further 
expanded to 160 records in this study considering the same seismolog
ical constraints, in order to compile sufficient records for demonstrating 
the application of the RDO framework. Fig. 4(a) displays the 5%-dam
ped elastic response spectra of the ground motions in the compiled 
ensemble. Moreover, Fig. 4(b) presents the mean spectral displacements 
(μs) and their band of one standard deviation (±σs) for the original set of 
80 ground motions in Ref. [57] and the expanded ensemble of 160 
ground motions.

4.5. Ground motion suites

To investigate the STS variability, a total of 28 suites (subsets) of 
ground motions (Nsuite = 28) are randomly subsampled from the records 
ensemble. Each suite entails a fixed sample size of NGM = 40, which 
results in 7 replications of each ground motion from the ensemble. This 
suite size (NGM = 40) is adopted to suppress the RTR-induced statistical 
noise and ensure stable estimates of limit state violation probability 
within each individual suite. While the magnitude of STS uncertainty is 
theoretically inversely proportional to suite size, real-world ground 
motion suites are essentially finite due to the data scarcity satisfying 
multiple selection criteria as well as the associated computational cost. 

Consequently, STS variability cannot be eliminated in practice, making 
it an inherent characteristic of suite-based seismic performance 
assessment.

Fig. 5(a) & (b) illustrate the unscaled spectral accelerations of hori
zontal components of an example suite of ground motions with 
NGM = 40. Following the fib MC2010 requirements, each individual 
horizontal component of the selected ground motions are separately 
scaled to represent the seismic action levels defined in Table 1. The 5%- 
damped elastic response spectrum defined in Eurocode 8 [8] is adopted 
as the target spectrum. To construct the target response spectrum for 
each seismic action level in Table 1, the exceedance probability for a 
50-year service life is first converted into equivalent return periods using 
a Poisson model. The reference target response spectrum is associated 
with the LS limit state (i.e., 475-year return period), defined according 
to Eurocode 8 [8] Type I elastic spectrum for Ground Class A, using a 
reference peak ground acceleration of 0.16g and a 5% viscous damping 
ratio. For other limit states (OP, IU, and NC), the reference spectrum is 
scaled to correspond the exceedance probability (return period) using a 
hazard exponent k of 3.0. The scale factors applied to the selected 
ground motions vary with the hazard level. In the present study, the 
mean scale factors for OP and IU limit states are approximately 2.0 and 
2.4, while they are 4.4 and 5.6 for LS and NC limit states.

4.6. PBSD constraint checks

The space of design variables is searched through a brute-force 
approach to ensure that all possible combinations of design variables 
are evaluated, preventing any potentially optimal solutions from being 
overlooked. From all feasible combinations of design variables, about 
270 candidates successfully satisfy the PBSD constraints related to fib 
MC2010 at various seismic action levels corresponding to OP, IU, LS, 
and NC limit states as defined in Section 2.3. These are referred to as 
‘design solutions’ throughout this section. Optimisation objectives are 
calculated only for design solutions as they satisfy the design safety 
requirements.

4.7. Estimation of Pviol

This section describes the procedure of estimating Pviol for ground 
motion suites using surrogate seismic demand models. For brevity, the 
procedure of developing and validating the surrogates is demonstrated 
only for the example suite of ground motions whose spectral accelera
tions are shown in Fig. 5. The same procedure applies for all suites.

4.7.1. Experimental designs (DoE)
A total of m = 35 samples of structure-related predictor variables 

(My, θy) are selected using a targeted sampling strategy to ensure that 

Fig. 4. (a) Spectral accelerations of the ensemble of 160 records, and (b) mean and deviation of spectral displacements for the set of 80 and the expanded set of 160 
ground motions.
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the range of design variables is uniformly covered. In order to incor
porate the uncertainty of structural parameters in seismic response, the 
mean and COVs of the test-to-model ratios for My and θy are adopted 
from Table 3, and Nsim = 10 random realisations of the bridge piers are 
created for each pair of (My, θy) using the LHS technique. The number of 
random realisations adopted for each sample was selected based on a 
sensitivity analysis reported in Refs. [1,58], providing an efficient 
compromise between statistical confidence and computational cost of 
MSC simulations.

For each experimental sample, Nsim × NGM = 10 × 40 = 400 NLRHAs 
are performed at each seismic action level resulting in a total of 1600 
NLRHAs across the four limit states. The rotation demands are recorded 
in both the longitudinal and transverse directions, and the target 
response statistics, namely, μθmax, σθmax, μθp,max, and σθp,max (see Table 2) 
are subsequently estimated. For illustration, consider a representative 
experimental sample with (My, θy) = (7084.4 kNm, 0.0116 rad), cor
responding to (D, ρl) = (1.45m, 1.5%), which yields a fundamental 
period T1 = 1.6 s in the transverse direction. For this sample, the PGA of 
the scaled ground motion suite at each seismic action level is: 
PGAOP = 0.33g, PGAIU = 0.39g, PGALS = 0.62g, and PGANC = 0.78g. 
Fig. 6 illustrates the rotation demands against the PGA values associated 
with different seismic action levels. The μθmax and σθmax values are 
calculated for OP and IU limit states, whereas the μθp,max and σθp,max 
values are estimated for LS and NC limit states considering the plastic 
part of the rotation demands. Similarly, these quantities are evaluated 
for all experimental samples to complete the design matrix used for 
surrogate model training.

4.7.2. Fitting and accuracy of the surrogate models
PRSM, RBFN, and MARS are employed to fit surrogate seismic de

mand models using training data from the experimental designs. Fig. 7
shows a comparison of the predictive capabilities of the models derived 
for estimating structural demands at various limit states via the 
goodness-of-fit measures. This figure indicates the accuracy of meta
models using adjusted R-squared and RMSE for approximating the mean 
(μ) and standard deviation (σ) of maximum chord-rotation demands 
recorded along the longitudinal (X) and transverse (Y) direction of the 

bridge. For example, μθ,X|OP is the notation for mean value (μ) of the 
rotation demands θ (abbreviated form of θmax) obtained along the lon
gitudinal axis (X) of the bridge for the OP limit state, and σθ,Y|IU is the 
standard deviation (σ) of the rotation demands obtained along the 
transverse axis (Y) for the IU limit state.

As shown in Fig. 7, all surrogate models exhibit rather high R- 
squared (i.e., R-squared greater than 0.7 [46]). Quadratic PRSMs 
demonstrate rather acceptable R-squared and RMSE values for most of 
the investigated parameters, despite being the least accurate amongst 
the three metamodeling techniques. On the other hand, RBFN-based 
models are found to outperform MARS and PRSM with better 
goodness-of-fit estimates. In other words, greater R-squared and lower 
RMSE are obtained using the RBFN models. The maximum RMSE 
resulted from RBFNs is less than 8% for most cases of target response, 
which is a fairly acceptable error [51]. This demonstrates superior ac
curacy in approximating seismic demands, making RBFNs a suitable 
choice for predicting rotation demands. Nevertheless, it is noted that 
MARS performs reasonably well and exhibits competitive predictive 
capabilities, although slightly lower than RBFN. Therefore, RBFNs are 
utilised to construct the surrogate seismic demand models herein.

Furthermore, a comparative assessment is conducted to calibrate the 
Pviol values approximated through the seismic demand models with 
those estimated by actual structural analyses. For this purpose, a 
representative set of design solutions is chosen. The design character
istics of individual design solutions in the representative set are listed in 
Table 4. The actual rotation demands for this set are captured through 
actual NLRHAs using the example suite of ground motions in Fig. 5 and 
compared with the limit state capacities to calculate Pviol using Eq. (5). 
Fig. 8 displays the Pviol values obtained from the actual analyses and the 
surrogate seismic demand models for the set of representative design 
solutions. In the latter case, the Pviol values are calculated through the 
MCS process using a large number of simulations (10k). In general, it is 
observed that the prediction error is minimal (typically less than 6%) for 
the majority of the representative design solutions. A small number of 
cases (e.g., #26 and #28) exhibit slightly higher discrepancies (up to 
approximately 10%), which can be attributed to local nonlinear 
response variations in the actual analyses. Nevertheless, the overall 
agreement between the surrogate-based and NLRHA-based estimates 
confirms that the surrogate seismic demand models provide sufficiently 
accurate predictions of Pviol. Moreover, it was found that choosing 
normal distribution with 95% confidence interval for simulating the 
vector of seismic demands (ŷi) (Eq. (8)) at OP and IU, and lognormal 
(logN) distribution for simulating ŷi at LS and NC (where θp,max is 
employed as the EDP) result in more precise approximation of Pviol.

The use of surrogate models leads to a substantial reduction in the 
offline computational effort associated with the proposed RDO frame
work. The offline cost of developing the surrogate seismic demand 
models in the present study is governed by the number of structural 

Fig. 5. (a) spectral accelerations (unscaled) related to the 1st horizontal component of ground motion suite (along the bridge X direction), (b) spectral accelerations 
(unscaled) related to the 2nd component of the ground motion set (along the bridge Y direction).

Table 3 
Variation of random parameters: test-to-prediction ratios of mean, median, and 
COV [29].

Test-to-prediction measures Uncertain Capacity Parameters

My θy θu

Mean 1.015 1.05 1.03
Median 1.005 1.005 1.00
COV (%) 13.6 31.7 30.3
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samples selected from the design space (m = 35). Consequently, 
approximately 1400 NLRHAs (m = 35 × Nsim = 10 × 4 seismic action 
levels) for each ground motion are required to generate the target 
response data used for surrogate training. In contrast, a direct NLRHA- 
based optimisation would require nonlinear analyses for every candi
date bridge design considered during the optimisation process. For the 
present case study, involving more than 200 candidate designs, this 
corresponds to at least 8000 nonlinear analyses (200 × 10 × 4) for each 
ground motion. Therefore, the proposed surrogate modelling strategy 
reduces the offline computational effort by approximately a factor of 
five. During the online stage, the surrogate-assisted Monte-Carlo simu
lation framework still incurs computational cost when evaluating 
seismic demand statistics and objective functions; however, this cost is 

several orders of magnitude lower than that associated with direct 
NLRHAs.

4.8. Optimisation results

Fig. 9 indicates the range of variation in Pviol values for the repre
sentative set of designs in Table 4. This figure implies that the variation 
in Pviol values due to selecting different suites of ground motions can be 
significant. For example, the smallest difference between the upper and 
the lower bounds of the Pviol values for a design is given by design #38, i. 
e., (D, ρl, ρw) = (2.35m, 2.5%, 0.5%). For this design, the upper bound is 
2.8% and the lower bound is 0.5%. On the other hand, the highest dif
ference between the two bounds resulted from design #11, i.e., (D, ρl, 

Fig. 6. Rotation demands considering the representative sample (D, ρl) = (1.45m, 1.5%) along the (a) longitudinal direction and (b) transverse direction of 
the bridge.

Fig. 7. Approximation accuracy of different metamodeling techniques: (a) adjusted R-square for maximum chord-rotation demands; (b) RMSE (%) for maximum 
chord-rotation demands; (c) adjusted R-squared for plastic rotation demands; (d) RMSE (%) for plastic chord-rotation demands.
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ρw) = (1.45m, 1.5%, 0.075%), where the lower bound of Pviol is 23.9% 
and its upper bound reaches 35.9%.

Fig. 10(a) demonstrates all design solutions and the Pareto-optimal 
set derived from the RDO method proposed in this study. This figure 
exhibits the standard deviation of Pviol, i.e., σPviol, against the total cost of 
materials, C(x), for each design solution. The design characteristics of 
the Pareto-optimal solutions are listed in Table 5. Amongst these optimal 
solutions, the most economic (#1) and the most robust (#18) design 
solutions are (D, ρl, ρw) = (1.10m, 2.0%, 0.75%) and (D, ρl, ρw) = (2.25m, 
2.5%, 0.5%), respectively. These solutions reflect the trade-off between 
ductility and strength, where the same performance constraints can be 
satisfied through increased strength with reduced ductility, or vice 
versa. All intermediate optimal solutions are referred to as compromise 
cost-effective solutions.

To highlight the significance of the proposed RDO approach, a cost- 

effective optimal solution, corresponding to equal emphasis on both 
optimisation objectives is picked up from the Pareto-optimal set. This 
design (#5), characterised by (D, ρl, ρw) = (1.15m, 2.5%, 0.75%), has a 
material cost 25% greater than the most economic design on the Pareto 
set but its σPviol is about 62% lower than that of the most economical 
solution, meaning that it is considerably more robust. For this cost- 
effective solution, for instance, there are several other (non-optimal) 
design options with similar material costs but greater σPviol. The varia
tion range of Pviol for these non-optimal solutions is illustrated in Fig. 10
(b) along with that of the optimal cost-effective solution (#5 highlighted 
in red). As shown in this figure, the Pviol variation range for some of these 
non-optimal solutions can be fairly significant. For example, although 
the design option with (D, ρl, ρw) = (1.0m, 3.5%, 1.0%) entails the same 
material cost as design #5, it shows about 45% higher sensitivity against 
the STS variability.

Table 4 
Design parameter values in the representative set of design solutions.

# 1 2 3 4 5 6 7 8 9 10 11 12 13

D (m) 1.00 1.15 1.15 1.15 1.30 1.30 1.30 1.30 1.30 1.45 1.45 1.45 1.45
ρl % 3.50 2.50 3.50 3.50 1.50 2.50 2.50 3.50 3.50 1.50 1.50 2.50 2.50
ρw % 0.75 0.75 0.50 0.75 0.75 0.50 0.75 0.50 0.75 0.50 0.75 0.50 0.75

# 14 15 16 17 18 19 20 21 22 23 24 25 26

D (m) 1.45 1.45 1.60 1.60 1.60 1.60 1.60 1.60 1.60 1.75 1.75 1.75 1.90
ρl % 3.50 3.50 1.50 1.50 2.50 2.50 3.50 3.50 3.50 1.50 2.50 2.50 1.50
ρw % 0.50 0.75 0.50 0.75 0.50 0.75 0.25 0.50 0.75 0.50 0.25 0.50 0.25

# 27 28 29 30 31 32 33 34 35 36 37 38 39

D (m) 1.90 1.90 1.90 2.05 2.05 2.05 2.20 2.20 2.35 2.35 2.35 2.35 2.50
ρl % 1.50 2.50 2.50 1.50 1.50 2.50 1.50 2.50 0.50 0.50 1.50 2.50 0.50
ρw % 0.50 0.25 0.50 0.25 0.50 0.50 0.50 0.50 0.25 0.50 0.50 0.50 0.25

Fig. 8. Predicted and actual values of Pviol for the representative design solutions.

Fig. 9. Variation range of Pviol due to ground motion suite variability for the representative set of designs in Table 4.
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It should be noted that the choice of Nsuite = 28 was found to provide 
sufficient stability in the estimation of σPviol. This was observed during a 
preliminary convergence study, in which further increases in the num
ber of ground motion suites beyond 24 produced only marginal changes 
in the estimated value of σPviol. Fig. 11 illustrates the convergence of 
σPviol estimate as Nsuite increases for a number of Pareto-optimal solutions 
in Table 5, namely design 3, 6, 9, 12, 15, and 18.

It is acknowledged that the case study presented herein is based on 
far-field ground motions recorded on stiff-soil sites. Different seismo
logical and site conditions, such as near-fault excitations or soft-soil 
deposits, may lead to different seismic demand characteristics and, 
consequently, influence the magnitude of STS variability and the asso
ciated Pareto-optimal solutions. However, a comprehensive investiga
tion into the influence of ground motion characteristics and site 

conditions on the proposed optimisation procedure was beyond the 
scope of the present study.

4.9. Effects of STS variability

This section compares the Pareto-optimal solutions obtained from 
the proposed RDO approach (Fig. 10(a)), which include STS variability, 
with the case where a single suite of ground motions is considered. 
Considering the example suite of ground motions shown in Fig. 5, Pviol is 
calculated for individual design solutions and minimised along their 
material costs C(x). In other words, a two-objective optimisation is 
defined to minimise [C(x), Pviol(x)]. Fig. 12(a) shows the Pareto-optimal 
solutions for this optimisation.

For each Pareto-optimal solution in Fig. 12(a), the σPviol value is 
calculated considering STS variability. Fig. 12(b) illustrates the com
parison between the Pareto-optimal solutions obtained from the pro
posed RDO approach (from Fig. 10(a)) and those obtained from Fig. 12
(a). The difference between the Pareto solutions in Fig. 12(b) identifies 
solutions that are sensitive to STS variability. The maximum difference 
between the σPviol values of the compromise solutions given by the two 
sets of Pareto solutions can reach up to 60%.

5. Comparison with conventional RDO

The proposed RDO approach in this study can be combined with 
other optimisation frameworks to support more informed decision- 
making in code-based PBSD procedures. In this section, the Pareto- 
optimal solutions obtained from the proposed framework are 
compared with those obtained from the conventional RDO method 
defined by Eq. (1). While the proposed RDO promotes solutions that are 
less sensitive to STS variability, the conventional RDO promotes those 
that are less sensitive to RTR variability within a single suite of ground 
motions and at a specific limit state.

The RDO framework defined in the context of PBSD includes 

Fig. 10. (a) Dispersion of exceedance probability versus material costs for individual designs and the Pareto-optimal solutions, (b) range of Pviol variation for design 
#5 compared to similar non-optimal solutions.

Table 5 
Design characteristics of the Pareto-optimal solutions.

# 1 2 3 4 5 6 7 8 9

D (m) 1.10 1.15 1.25 1.20 1.15 1.10 1.50 1.25 1.65
ρl % 2.0 2.0 1.5 2.0 2.5 3.0 1.5 4.0 2.5
ρw % 0.75 0.75 0.75 0.75 0.75 1.00 0.50 0.75 0.50

# 10 11 12 13 14 15 16 17 18

D (m) 1.50 1.60 1.60 2.25 2.30 2.25 2.30 2.35 2.25
ρl % 3.5 3.0 3.5 1.5 1.5 2.0 2.0 2.0 2.5
ρw % 0.75 0.75 0.75 0.50 0.50 0.50 0.50 0.50 0.50

Fig. 11. Variation of against Nsuite.
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minimisation of cost C(x) and σθmax(x) as described in Eq. (1) [1,18] 
under the same PBSD constraints defined in Section 2.3. Since the con
ventional RDO is inherently a suite-specific optimisation framework, the 
example suite of ground motions in Fig. 5 is adopted for obtaining the 
Pareto-optimal solutions. These solutions are identified at four different 
seismic hazard levels corresponding to OP, IU, LS, and NC limit states. 
For each solution, the σPviol values are calculated and plotted against the 
material costs C(x) in Fig. 13. In addition, the Pareto-optimal solutions 
of the proposed RDO derived from Fig. 10 are plotted in this figure. This 
figure shows that the σPviol values of the compromise Pareto-optimal 
solutions obtained from the conventional and proposed approach are 
considerably different. For the selected example suite, the σPviol values of 
the optimal design solutions obtained using the conventional approach 
are up to 230% of those obtained using the proposed approach. The 
difference in σPviol values may vary across different ground motion 
suites; however, the conventional RDO consistently results in consider
ably greater σPviol values compared with the proposed RDO approach. 
This comparison illustrates the benefit of the proposed RDO approach in 
identifying cost-effective design solutions that are less sensitive to the 
STS variability due to ground motion suite selection.

6. Conclusions

Existing robust and reliability-based design optimisation approaches 
account for ground motion record-to-record (RTR) variability. However, 
the optimal design solutions can still be sensitive to suite-to-suite (STS) 

variability due to the epistemic uncertainties associated with the selec
tion of ground motion suites for NLRHA, especially when the suite is 
selected based on the minimum selection and scaling criteria adopted by 
current seismic design codes.

To address the sensitivity of optimal design to STS variability, a novel 
formulation for robust design optimisation (RDO) of PBSD was devel
oped in this study. In this framework, a two-objective optimisation 
problem is formulated where the first objective is to minimise the ma
terial cost, and the second objective is to minimise the standard devia
tion of probability of limit state violation (σPviol) due to variation in the 
suite of ground motions.

The application of the proposed RDO framework was demonstrated 
for a three-span RC bridge with cylindrical piers monolithically con
nected to the deck. The optimisation results show that the most robust 
solutions might not be economically reasonable. The most robust design 
exhibits significantly lower sensitivity to STS variability (over 90%) 
compared to the economic design, while at the same time, it shows 
significantly (about 400%) increased cost of materials. This encourages 
the search for compromise Pareto solutions through a desirability 
analysis. In this case, a cost-effective solution is found that is only 
slightly more expensive than the most economic design but about 62% 
more robust against STS variability. In addition, it was shown that the 
proposed method could identify compromise Pareto-optimal solutions 
with about 60% reduced sensitivity against STS variability.

Furthermore, the proposed RDO optimal solutions were compared 
with those obtained from the conventional RDO approach used in the 
context of PBSD. It was shown that optimal solutions identified by the 
conventional RDO, although least sensitive to the intra-suite (RTR) 
variability, may be markedly sensitive to the STS variability.

To increase the computational efficiency of the proposed framework, 
surrogate seismic demand models were applied to circumvent the need 
for computationally demanding NLRHAs associated with seismic de
mand estimations and calculation of Pviol. A feature that distinguishes 
the surrogate models developed in this study with those of existing 
studies is their ability to explicitly approximate the standard deviation 
of seismic demands at various PBSD limit states. Although the use of 
surrogate models within the RDO framework is optional, it leads to a 
substantial reduction (approximately to one-fifth for the case study 
considered) in the offline computational cost associated with surrogate 
construction. In the online stage, the surrogate-assisted Monte-Carlo 
simulation framework still involves computational effort but it is 
considerably lower than performing direct nonlinear response-history 
analyses. In the case of complex bridge models with more design vari
ables and numerous computationally expensive NLRHAs, surrogate 
models are even more advantageous for performing the MCS phase of 
the optimisation solution strategy. Although surrogate models were 
employed herein to approximate seismic demand statistics, extending 
the surrogate concept to objective functions or the overall optimisation 
framework constitutes an interesting direction for future research.

Fig. 12. (a) optimisation for C(x) and Pviol(x) without STS variability, (b) comparison of the Pareto-optimal solutions with and without STS variability.

Fig. 13. Comparison between σPviol values of the optimal solutions given by the 
conventional and proposed RDO.
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