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A B S T R A C T   

This paper proposes a ground motion selection algorithm (GSA) incorporating a multi-objective optimization 
scheme for selecting site-specific ground motion records for nonlinear time history analysis. The optimization 
algorithm utilized is a modified NSGA-II algorithm (MNSGA-II) with a custom initialization procedure for ground 
motion selection that assists in finding records that efficiently match the mean and variance of conditional 
spectrum. The proposed GSA is applied to three case study regions and is compared with other GSAs such as the 
greedy optimization algorithm and the original NSGA-II algorithm to test its efficiency. The results show that the 
proposed GSA efficiently returns records optimally fitting the target spectrums’ mean and variance. Moreover, 
the results show that the proposed optimization scheme converges faster and gives a more optimal results 
compared to other GSAs.   

1. Introduction 

Nonlinear time history analysis (NTHA) is a rigorous seismic demand 
estimation method that yields an accurate assessment of seismic per-
formance. However, NTHA results depend highly on the selected 
earthquake records and their respective scales. For accurate seismic 
demand estimation, the selected ground motion records should closely 
match the target response spectrum. Previous studies have shown that 
the ground motion records used are the primary source of uncertainty 
for NTHA [1–3]. Multiple studies have focused on the effect of ground 
motion records on seismic demand estimation [4–8]. 

The ground motion selection procedure depends on the type of target 
response spectrum. The uniform hazard spectrum (UHS) and the con-
ditional response spectrum (CS) are the most commonly used target 
spectra. The UHS is an envelope of spectral accelerations with a constant 
exceedance rate at all periods [6]. The UHS-based ground motion se-
lection algorithm selects records so that the average spectrum of the 
selected records closely matches the target spectrum. Since the UHS is a 
conservative response spectrum, no variation with respect to the UHS is 
expected. Using the ground motion records selected using the UHS, 
NTHA produces a conservative estimate of the mean seismic demand 
unless the structure has only an elastic first-mode response [7]. The 
conditional spectrum was proposed to address the conservativeness of 
the UHS. It makes sure that the ground motions selected have a suitable 

spectral shape that is consistent with the naturally occurring ground 
motions at the site of interest. The conditional spectrum is site and 
period specific and is more crucial for applications in risk assessment 
[8]. Unlike the UHS, the CS is based on spectral acceleration at a single 
period, Sa(T*), and has a target response spectra with variance at other 
periods. CS has a lower mean spectral acceleration than an equivalent 
UHS at periods other than the conditioning period (T*). Using CS-based 
selected records, NTHA produces a structural response close to the 
natural ground motions with the target Sa(T*) [9]. The CS-based ground 
motion selection procedure is required to fit the target mean and vari-
ance, unlike the corresponding UHS-based ground motion selection 
procedure that fits only the mean. 

Several studies strived to develop a ground motion selection algo-
rithm (GSA) for accurate seismic demand estimation of a given site. 
Bradley [10] proposed a GSA that selects ground motion records based 
on the generalized conditional intensity measure (GCIM). GCIM is a 
generalized version of the conditional spectrum that accounts for the 
correlation of intensity measures other than spectral acceleration. The 
proposed GSA selects ground motion records that match random reali-
zation from the multivariate distribution obtained from the GCIM. In-
dividual ground motion records that have minimum fitness error to the 
randomly realized vector of intensity measures are selected. The fitness 
error for each intensity measure is combined using different weights 
defined based on the hierarchy of importance to have the total fitness 
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error. The algorithm finally returns a single suite of ground motion re-
cords that has minimum fitness error. Ghotbi and Taciroglu [11] pro-
posed the use of the Latin Hypercube Sampling method to draw 
realization samples of different intensity measures from the conditional 
multivariate distribution to decrease the computational cost. Later, Ji 
et al. [12] used a genetic algorithm-based selection method to match the 
distribution obtained from the GCIM. A genetic algorithm is used to find 
a suite of records with a distribution close to the target distribution 
instead of utilizing random realization from the target GCIM. 

Different studies have proposed ground motion selection procedures 
for matching the mean and variance of conditional response spectrums. 
For example, Jayaram et al. [6] proposed an algorithm that efficiently 
generates an initial ground motion record set and then improves the 
initial result using greedy optimization. Baker et al. [13] later extended 
the proposed algorithm by including a filtering database step to reduce 
the search space for the optimization algorithm in order to reduce the 
computational cost of the optimization algorithm. This added filtering 
step also decreases the eligible records, leading to a less accurate match, 
so filtering should not be done aggressively. Recently, more studies 
proposed ground motion selection algorithms to match more than one 
objective, namely mean, variance, and correlation structure [14,15]. 

The studies mentioned above have a single objective: to match the 
weighted sum of the objectives. This single objective requires an 
appropriate weight for each objective that reflects the matching pref-
erence. The algorithms will yield unintended results if the weights are 
inaccurate in reflecting the matching preference. Moreover, the result of 
the proposed algorithms is a single suite of ground motion records that 
does not allow the checking of other viable solutions with similar or 
slightly different matches. Mergos et al. [16] recently employed multiple 
runs of a single objective genetic algorithm to produce a set of 
Pareto-optimal solutions. Different weight value combinations are used 
within the proposed algorithm to calculate the weighted sum of the 
objectives. The proposed algorithm provides Pareto-optimal solutions 
with good spectral matching and ensures the solutions to satisfy addi-
tional criteria. Even though this proposed algorithm returns multiple 
sets of solutions, the solutions depend on the weight combination 
initially provided. If the initial weight combination is insufficient, the 
returned Pareto optimal sets might not be complete. Additionally, 
running multiple single-objective optimization algorithms for each 
weight combination increases the computational cost. 

Moschen et al. [17] proposed a multi-objective optimization frame-
work that returns Pareto-optimal solutions for a set of ground motion 
suites. The optimization framework utilizes the NSGA-II algorithm 
proposed by Deb et al. [18]. The framework matches the median 
pseudo-acceleration with a constant variance of pseudo-spectral accel-
eration by selecting ground motion records and assigning them similar 
scale factors. The framework preprocesses the database to decrease the 
search space for the following optimization algorithm. The optimization 
algorithm searches the relative contribution of every record within the 
database to each set of solutions. This search technique does not easily 
scale to work with large ground motion databases. Moreover, it cannot 
be used for searching a ground motion suite with a predefined size since 
the optimization algorithm determines the final size of ground motion 
suites. 

The main aim of this study is to develop a GSA for conditional 
spectrum that efficiently runs and returns multiple ground motion suites 
with predefined sizes allowing the selection of multiple viable solutions. 
The proposed GSA requires no input of weights reflecting preference. 
Instead, the preferred solution can be selected based on a preference 
from the Pareto-optimal solutions returned. This study also proposes an 
optimization algorithm, which is the modified NSGA-II (MNSGA-II) al-
gorithm. The MNSGA-II incorporates a custom initialization procedure 
for ground motion selection instead of an entirely random initialization 
procedure of a typical NSGA-II algorithm. The custom initialization 
procedure includes a randomly generated population and a population 
that matches a statically simulated response spectrum suite. 

The proposed GSA is applied to three case study areas of different 
filtered ground motion database sizes to demonstrate the effectiveness of 
the proposed algorithm. The effectiveness of the algorithm is compared 
with conventional GSA such as the greedy optimization algorithm pro-
posed by Jayaram et al. [6] and with a typical NSGA-II algorithm. 

2. Ground motion selection 

The subsequent sections explain the target response spectrum and 
the proposed ground motion selection algorithm. 

2.1. Target response spectra (conditional spectrum) 

The conditional spectrum (CS) introduced by Baker and Cornell [7] 
mitigates the conservativeness of the uniform hazard spectrum (UHS) by 
accounting for the correlation between spectral acceleration values 
across the structure periods. The CS is the probability distribution of log 
spectral acceleration values, conditional on a spectral value at a period 
of interest (T∗). It produces a target for the mean and variability of the 
ground motions at different periods. The period of interest relates to the 
excitation period, which significantly affects the structure’s response. 
Usually, the first-mode period of the structure is taken as the period of 
interest. The CS utilizes a ground motion model (GMM) to predict the 
mean (μln Sa(Rup,T∗,Vs30)) and standard deviation (σln Sa(Rup,T∗,Vs30)) of 
the log spectral acceleration at the conditioning period [19]. The GMM 
requires the definition of rupture scenario (Rup) specified by earthquake 
distance, magnitude, rupture mechanism, and other parameters 
required by the specific GMM. Shear wave velocity over the top 30 m of 
the site (Vs30) is also used by GMM to specify site conditions. 

In this study, the CS is assumed to have a multivariate normal dis-
tribution that is fully described by conditional means and a conditional 
covariance matrix given by Eq. (1) and Eq. (2), respectively: 

μln Sa(T1 )|ln Sa(T∗) = μln Sa
(
Rup,Ti

)
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where 
∑

is the covariance matrix shown in Eq. (3), and 
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cross is a p × 1 
matrix of covariance between ln (Sa(Ti)) and ln (Sa(T∗)) as shown in Eq. 
(4). The parameters μln Sa(Rup,Ti) and σln Sa(Rup,Ti) obtained from the 
GMM are the logarithmic mean and standard deviation of spectral ac-
celeration (Sa) at period Ti, respectively. ρ(Ti,T∗) is the correlation co-
efficient for log spectral accelerations obtained from the GMM or else 
from a supplemental model [20]. ε(T∗) is a residual quantifying the 
difference between Sa at the period of interest and the mean value from 
the GMM as shown in Eq. (5). 
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ε(T∗)=
ln Sa(T∗) − μln Sa(Rup, T∗)

σln Sa(Rup, T∗)
(5)  

2.2. The proposed ground motion selection algorithm 

Fig. 1 depicts the components of the proposed GSA. The selection 
algorithm requires initial inputs for performing the ground motion se-
lection. The inputs include parameters used to calculate the target 
response spectrum (Mw target, Rup target, Vs,30 target), parameters for 
filtering the ground-motion database (Mw max, min, Rup max, min, Vs,30 max, 

min), and the parameters used for the optimization algorithm (Popsize, 
Ngen, Ngm). The selection algorithm filters the database and then runs 
the optimization algorithm in the subsequent steps. These steps are 
explained in detail in the following sections. 

2.2.1. Preprocessing: filtering database 
This process filters the database so that appropriate ground motion 

records are considered for selection. In addition, filtering reduces the 
computational complexity required for the subsequent optimization al-
gorithm to find the optimum ground motion record suite. Even though 
this process reduces the computational complexity, it should not be done 
aggressively. Otherwise, it leads to an insufficient filtered database for 
the optimization algorithm. In this study, the records in the PEER NSGA 
west 2 database [21] were filtered using the rupture scenario and the site 
conditions in such a way that they are below the specified maximum 
values and above the specified minimum values. The rupture scenario 
filtering values include mainly Moment magnitude (Mw max, min) and 
Rupture distance (Rup max, min). The site condition filtering value is 
the shear wave velocity over the top 30 m of the site (V_(s30 max,min)). 

2.2.2. Optimization algorithm: MNSGA-II 
The optimization algorithm used for solving a problem depends on 

the objective of the optimization problem. A single-objective optimiza-
tion algorithm optimizes a single objective, whereas a multi-objective 
optimization algorithm optimizes more than one conflicting objec-
tives. In addition to the differences in the problems, the two algorithms 
also have different types of results. A single-objective optimization 
returns a single solution, while a multi-objective optimization problem 
returns a solution set, known as Pareto optimal solution. The Pareto 

optimal solution is a set that is non-dominated and superior to the rest of 
the solutions in the search space. 

Among the most commonly used single-objective optimization al-
gorithms is the genetic algorithm (GA) which is an evolutionary algo-
rithm that solves problems with complex search spaces. GA starts by 
initializing a randomly generated population of individuals, and then 
proceed to evaluate the objective value of each individual so that each 
value can be ranked. Genetic operators such as selection, crossover, and 
mutation are then applied consecutively to develop a new population in 
a series of generations. The NSGA-II algorithm extended the GA to a 
multi-objective problem. 

The algorithm NSGA-II randomly initializes and uses genetic oper-
ators the same as the GA but differs in its way of computing the rank of 
individuals. The genetic algorithm uses the value of a single objective 
function to rank, whereas NSGA-II uses the non-domination rank, 
evaluated using multiple objective functions. The non-domination rank 
relates to the concept of dominance, where a solution is considered 
dominant if it has an optimum value in at least one objective and is not 
worse than other solutions in all other objectives. In addition to the non- 
domination rank, NSGA-II computes the crowding distance to generate a 
new population at each generation. The crowding distance measures the 
density of solutions surrounding a particular solution. Solutions with a 
better rank and a higher crowding distance are selected in each gener-
ation, ultimately resulting in the Pareto optimal solution. 

In this study, the random initialization step of the conventional 
NSGA-II is replaced with a modified initialization step of the proposed 
algorithm MNSGA-II as shown in Fig. 1. The modified initialization 
procedure generates a population with an equal number of randomly 
initialized (PopSizeRand) and biased populations with expert knowl-
edge (PopSizeSimu). Initialization of the biased population begins with 
sampling from a multivariate normal distribution described by the mean 
and covariance matrix shown in Eq. (1) and Eq. (2), respectively. Each 
sample has several simulated records equal to the size of the ground 
motion suite (Ngm). Sampling is done for a biased population size, 
which is half of the total population. After sampling, the initialization 
procedure matches each statically simulated response spectra within 
each sample with a ground motion record from the filtered database. 
The biased population helps the genetic algorithm to converge faster by 
finding probable ground motion records that best fit the target 

Fig. 1. Flow chart of the proposed ground motion selection algorithm.  
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Table 1 
Description of the case study areas.  

Case study Latitude (oN) Longitude (oW) Vs30 (m/s) Return period (years) Sa (0.5s) (m/s2) 

(a) Riverside 33.979 117.335 360 2475 1.939 
(b) Coles Corner 47.751 120.740 360 2475 0.5892 
(c) Orangeville 39.321 111.093 760 2475 0.2615  

Fig. 2. Deaggregation result and uniform hazard spectrum of the case study areas: (a) Riverside; (b) Coles Corner; and (c) Orangeville.  
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distribution. The randomly initialized population increases the diversity 
of the initial population. 

The proposed MNSGA-II algorithm has two objective functions 
Errmean and Stdmean, which are given in Eq. (6) and Eq. (7), respectively. 
Theyare the squared error of the target mean and the standard deviation 
of the target response spectrum, respectively. 

Errmean =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑np

i=1

(
μSa(Ti)

Target − μSa(Ti)

)2
√

(6)  

Errstd =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑np

i=1

(
σSa(Ti)

Target − σSa(Ti)

)2

√

(7)  

where μSa(Ti)
Target and σSa(Ti)

Target are the target mean and the standard 
deviation, respectively; μSa(Ti)

and σSa(Ti) are, respectively, the mean and 
standard deviation of ground motions at the period Ti. 

The proposed GSA differs from the algorithm proposed by Jayaram 
et al. [6] in various steps. Jayaram et al. [6] simulate response spectra by 
sampling from a multivariate normal distribution. The simulated 

Table 2 
Filtering parameters and the size of the filtered databases.  

Cases Rupture distance (km) Vs30 (m/s) Mw No. of filtered records 

a 0–50 360–760 5–8 1862 
b 0–60 360–760 5–7.5 2570 
c 100–350 360–1500 5–8 3708  

Fig. 3. Initial Pareto set solution comparison of NSGA-II and MNSGA-II: (a) Riverside; (b) Coles Corner; and (c) Orangeville.  

Fig. 4. Final Pareto optimal solution comparison of NSGA-II and MNSGA-II: (a) Riverside; (b) Coles Corner; and (c) Orangeville.  

Fig. 5. Pareto optimal solution history of the NSGA-II and MNSGA-II algorithms.  
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Fig. 6. Convergence history of the three algorithms: (a) Riverside; (b) Coles Corner; and (c) Orangeville.  

Fig. 7. Match of the final solution to the target spectrum for the case study (a) Riverside.  
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response spectrum suite is then used to find an initial ground motion 
record suite from a ground motion record database. The ground motion 
records that best fit each simulated response spectrum within the 
simulated response spectrum suite are searched for and used as an initial 
solution. Unlike Jayaram et al. [6], which uses a single suite of simulated 
response spectra to produce a single ground motion record suite, the 
proposed algorithm uses multiple simulated response spectrum suites 
(PopSizeSimu) to find multiple initial sets of ground motion record 
suites. Each ground motion record suite includes records that best fit the 
corresponding simulated response spectrum. As explained above, the 
initial ground motion record suite used in the proposed GSA also in-
cludes randomly selected ground motion records (PopSizeRand) to in-
crease the diversity of the initial solution set. Multiple initial solutions 
allow the proposed GSA to finally return multiple viable solutions after 
running the optimization algorithm. 

Jayaram et al. [6] modified the selected ground motion suite using 
greedy optimization to return a single final solution. A greedy optimi-
zation algorithm iteratively replaces each record within the initial 
ground motion record suite with a ground motion record from the 
database. It then checks if replacing a record improves the match be-
tween the selection and the target. If it doesn’t, the algorithm proceeds 
to check another record from the database. The objective function used 
for evaluating the goodness of fit is a single function, a weighted sum of 
squared errors in the spectra’s mean values and standard deviations, as 
shown in Eq. (8). 

SSEs =
∑np

i=1

(
μSa(Ti)

Target − μSa(Ti)

)2
+ w

(
σSa(Ti)

Target − σSa(Ti)

)2 (8)  

where SSEs is the sum of squared errors of the ground motion record 
suite, and w is a user-defined weight assigning the relative importance to 
the misfit error in mean versus standard deviation values. The proposed 

GSA has multiple objectives, unlike Jayaram et al. [6], as can be 
observed in Eq. (6) and Eq. (7), and uses MNSGA-II, a multi-objective 
optimization algorithm, to minimize the objective functions. 
MNSGA-II does not require defining a weight to transform the objective 
functions into a single function and returns multiple solutions where a 
single solution can be finally selected based on the preference. 

3. Application of the ground motion selection algorithm 

For validation of the efficiency of the proposed MNSGA-II algorithm, 
three case study regions in the US are selected: (a) Riverside, California; 
(b) Coles Corner, Washington; and (c) Orangeville, Utah. According to 
the Unified Hazard Tool provided by the USGS (United States Geological 
Survey), the case study regions a, b, and c have earthquake events with 
the mean magnitude of 7.54, 6.73, and 6.38, respectively, with return 
period of 2475 years, and the mean rupture distance of 12.76, 43.39, 
and 15.12 km, respectively. Table 1 provides general information of the 
case study areas and Fig. 2 depicts the deaggregation result and the 
uniform hazard spectrum of the case study areas. The conditioning 
period for the conditional spectrum is taken as 0.5s for all the three case 
study areas. The deaggregation result shows the events most likely to 
cause the occurrence of the target spectral amplitude at a given period. 
The earthquake events contributing to the target spectrum of the case 
study area a have the largest magnitude and smallest rupture distance, 
leading to a higher spectral acceleration Sa(0.5s) than the other case 
study areas. Case study areas b and c have a descending spectral accel-
eration magnitude. 

The PEER NGA west 2 database is used for searching ground motion 
records. The database is filtered with different parameters for the three 
case study areas. Table 2 shows the filtering parameters and the filtered 
database size of each case study area. The difference in the filtered 
database size is used to test the effectiveness of the proposed algorithm 

Fig. 8. Match of the final solution to the target spectrum for the case study (b) Coles Corner.  
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for different database sizes. 
The population size (Pop_size) and the number of generations (Ngen) 

of the MNSGA-II parameters used for the ground motion selection are 
200 and 100, respectively. Fig. 3 compares the initial population of the 
Pareto optimal set of the proposed algorithm with a randomly generated 
population of the NSGA-II for the three case study areas. The figure 
shows that the proposed algorithm, MNSFA-II, produces a more optimal 
initial Pareto front for the three case study areas. 

After the initialization procedure, NSGA-II generates new pop-
ulations consecutively for the defined number of generations. The soft-
ware Pymoo [22], a python-based framework for multi-objective 
optimization, runs the NSGA-II related procedures. 

Fig. 4 compares the final optimal solutions of the two algorithms, 
NSGA-II and MNSGA-II. It can be observed that the proposed MNSGA-II 
produces a better optimal solution than the NSGA-II algorithm since it 

has solutions with a lower objective value pair (Errmean, Errstd). As the 
objective value pair becomes lower, the match between the mean and 
dispersion values of the target spectrum and the selected records be-
comes tighter. Fig. 5 compares the Pareto-optimal solution history of the 
two algorithms, showing that MNSGA-II has a less dispersed Pareto 
optimal solution history. The less dispersed history is due to the custom 
initialization procedure of the MNSGA-II that leads the MNSGA-II al-
gorithm to have an initial Pareto optimal solution closer to the final 
optimal solution. 

To further investigate the effectiveness of the GSA, the final Pareto- 
optimal solution of the proposed algorithm is compared with the result 
of another GSA that uses greedy optimization [13]. The EzGM, a toolbox 
implementing greedy optimization, is used for implementing the greedy 
optimization-based GSA [23]. The comparison is conducted by selecting 
a single solution from the Pareto optimal solution. The single solution is 

Fig. 9. Match of the final solution to the target spectrum for the case study (c) Orangeville.  
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selected so that the solution has a weighted error specified by Eq. (9) 
with weight w1 = 1 and w2 = 2. The greedy optimization algorithm uses 
the same weights for computing its single objective value. 

Errsum =min

⎛

⎝w1 ∗

⎡

⎣
Errmean0

⋮
Errmeannp

⎤

⎦+ w2 ∗

⎡

⎣
Errstd0

⋮
Errstdnp

⎤

⎦

⎞

⎠ (9) 

Fig. 6 compares the convergence history of the proposed MNSGA-II 
algorithm, NSGA-II algorithm, and the greedy optimization algorithm 

for the three case study regions. As depicted in the figure, the greedy 
optimization converges faster for the case studies a and b but fails to 
produce the optimal value. The phenomenon of not always converging 
to an optimal value because of being trapped by an optimal local value is 
one of the well-known deficiencies of the greedy optimization algorithm 
[24]. The greedy optimization yields an optimal value comparable to the 
MNSGA-II algorithm result for the case study c, where the NSGA-II al-
gorithm produces higher error. NSGA-II has a random initialization 
procedure that leads to a high initial objective value error. However, this 

Fig. 10. Comparison of the target and the Pareto-optimal solutions of the MNSGA-II algorithm for the case study region (c) Orangeville.  
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initial error of the MNSGA-II is decreased due to its custom initialization 
procedure, allowing it to produce a more optimal value. Overall, it is 
evident that the proposed algorithm converges faster and yields a more 
optimal final result than the NSGA-II and the greedy optimization al-
gorithm. The match of the final solution to the target spectrum is shown 
for the case studies a and b in Figs. 7 and 8, respectively. The figures 
show that the proposed algorithm produces a tighter match between the 
target and the solution for the two cases. 

The quality of fit of the selected solution to the target spectrum at 
different generations is shown in Fig. 9 for the case study c. The thick 
curve represents the target mean spectrum, while the thin ones show the 
response spectra of the individual ground motion records. The broken 
curves show the uncertainty around the spectrum: the assumed condi-
tional spectrum distribution is visualized using the mean and the two 
broken ones around the mean that are two standard deviation away from 
the mean [9]. As shown in the figure, the initial and the final fit of the 
MNSGA-II are better than the corresponding one of the NSGA-II. The 
greedy optimization algorithm’s initial and final fits are similar, clearly 
displaying the early convergence of the greedy optimization algorithm. 

The fit of the different Pareto-optimal solutions for the case study 
region c is displayed in Fig. 10 to highlight further the advantage of the 
MNSGA-II. Points 1 and 4 are the solutions with two extreme fits. Point 1 
has the best fit to the target mean spectrum of all the solutions but has 
the worst fit to the target dispersion. On the other hand, Point 4 has the 
best fit to the target dispersion but the worst fit to the target mean 
spectrum. The difference in the fit clearly shows how the fit of the final 
result can differ based on the solution selected. The final optimal result 
can be selected from the available Pareto-optimal solution considering 
both the mean and the dispersion. Selected points 2 and 3 can be taken 
as examples where each solution best fits both the target mean and 
dispersion. The ability to select multiple solutions from the Pareto- 
optimal solution is one of the advantages of using the proposed 
MNSGA-II algorithm. 

4. Conclusions 

The current study proposed an efficient ground motion selection 
algorithm (GSA) for the conditional spectrum incorporating a modified 
NSGA-II (MNSGA-II) algorithm. The proposed GSA allows the selection 
of multiple viable ground motion suites from a Pareto optimal solution. 
The proposed MNSGA-II has a custom initialization procedure for 
ground motion selection that assists in converging fast and in returning 
optimum results. The required inputs for the proposed GSA include 
parameters for filtering the ground-motion database, parameters to 
calculate the target response spectrum, and the parameters used for the 
optimization algorithm. The filtering parameters decrease the database 
size for the proceeding MNSGA-II algorithm increasing its efficiency. 

The proposed GSA was applied to three case study regions in the US, 
each having a different target spectrum and a corresponding filtered 
database size. The efficiency of the proposed GSA was compared with 
alternative GSA such as the greedy algorithm and the NSGA-II algo-
rithm. The results showed that the proposed GSA converges to a more 
optimal result relatively faster than the other algorithms. 
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