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Abstract: Probabilistic methods, such as fragility analysis, have been developed as a promising alternative for the seismic assessment of
dam-type structures. However, given the costly reevaluation of the numerical model simulations, the effect of the model parameters likely to
affect the seismic fragility of the system is frequently overlooked. Acknowledging the lack of the thorough exploration of different machine
learning techniques to develop surrogates or metamodels that efficiently approximate the seismic response of dams, this study provides
insight on viable metamodels for the seismic assessment of gravity dams for use in fragility analysis. The proposed methodology to generate
multivariate fragility functions offers efficiency while accounting for the most critical model parameter variation influencing the dam seismic
fragility. From the analysis of these models, practical design recommendations can be formulated. The procedure presented herein is applied
to a case study dam in northeastern Canada, where the polynomial response surface of order 4 (PRS O4) came up as the most viable meta-
model among those considered. Its fragility is assessed through comparison with the current safety guidelines to establish a range of usable
model parameter values in terms of the concrete-rock angle of friction, drain efficiency, and concrete-rock cohesion. DOI: 10.1061/(ASCE)
ST.1943-541X.0002629. This work is made available under the terms of the Creative Commons Attribution 4.0 International license, https://
creativecommons.org/licenses/by/4.0/.

Introduction

Methods for the seismic analysis of dams have improved exten-
sively in the last few decades, and the growth of computing power
has expedited this improvement. Advanced numerical models have
become more feasible and, thus, constitute the basis of improved
procedures for design and assessment. Moreover, a probabilistic
framework is required to manage the various sources of uncertainty
that may impact the system performance and decisions related
thereto (Ellingwood and Tekie 2001). Fragility analysis, which de-
picts the conditional probability that a system reaches a structural
limit state, is a central tool in this probabilistic framework. Tradi-
tional vulnerability assessment methods develop fragility functions
by using a single parameter to relate the level of shaking to the
expected damage, which consequently produces a robustness of
predictions that is highly dependent on the selected parameter.
However, the estimation of the fragility of the system can be
potentially improved by increasing the number of parameters; in
this way, a more complete description of the properties of ground
motions can be obtained (Alembagheri 2018). Furthermore, the
effect of the variation of the material properties in the seismic fra-
gility analysis of structures with complex numerical models, such
as dams, is frequently overlooked due to the costly and time-
consuming revaluation of the numerical model. The seismic

response and vulnerability assessment of key infrastructure elements
often require a large number of nonlinear dynamic analyses of com-
plex finite-element models (FEMs). The substantial computational
time may be reduced by using machine learning techniques to de-
velop a surrogate or metamodel, which is an engineering method
used when an outcome of interest cannot be easily directly measured;
thus, a model of the outcome is used instead (Forrester et al. 2008).
In addition, if the outcome of interest comes from nonlinear FEM
analysis that reflects the dynamic behavior of the structure under
seismic loading, the metamodel will emulate this behavior. To this
end, these algorithms include several features in their mathematical
formulation to help capture this highly nonlinear behavior. Among
them, the use of higher order sparse polynomials, partitioning the
sample space and fitting a series of models and then combines them
into an ensemble with an overall better performance and by mapping
into high dimensional feature space, between others.

Such a challenge is particularly relevant to the case of large-
scale infrastructures such as dams subjected to seismic loads. Thus,
the main goal of this study is to explore the applicability of meta-
models for the seismic assessment of gravity dams and present
a methodology to develop parameterized multivariate fragility
functions through the use of the latter. The secondary goal is to
explicitly account for the effect of the model parameter variation
in the seismic fragility analysis. The proposed methodology has
the added asset of properly depicting the seismic scenario likely
to occur at a specific site, enhancing the accuracy of the seismic
fragility analysis. The proposed methodology is applied to a case
study gravity dam located in northeastern Canada.

Literature Review

In the past two decades, univariate fragility functions, which depict
the potential for limit state exceedance conditional on a ground mo-
tion intensity, have been readily adopted and developed for the
seismic assessment of structures, as it can been found in several
state-of-the-art reviews (Ghosh et al. 2017; Hariri Ardebili and
Saouma 2016b; Muntasir Billah and Shahria 2015). However, given
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the recognized limitations of such univariate fragility curves, the use
of multivariate fragility functions to assess the vulnerability of a
given structure or portfolio of structures is beginning to be used pro-
gressively (Brandenberg et al. 2011; Koutsourelakis 2010; Pan et al.
2010; Gehl et al. 2009; Grigoriu and Mostafa 2002). Noted advan-
tages of these parameterized or multivariate fragility functions in-
clude the potential for efficient posterior uncertainty propagation,
exploring sensitivities or the influence of design parameter variation,
and enabling application across a portfolio of structures. Never-
theless, given the large number of simulations required, the develop-
ment of fragility surfaces or multivariate fragility functions that
leverage numerical models impose high computational burdens.

The combination of numerical models, probabilistic ap-
proaches, and machine learning has gained considerable interest
in the literature in recent years for engineering design and structural
reliability (Seo and Rogers 2017; Yu et al. 2014; Sudret 2012;
Wang and Shan 2007; Simpson et al. 2001). This combination
is justified by the significant randomness that characterizes not only
the earthquake excitation but also the structural system itself
(e.g., stochastic variations in the material properties, degradation
due to aging, and temperature fluctuation, etc.). Surrogate model-
ing techniques within a seismic fragility framework have found re-
cent applications for the safety assessment of buildings and bridges,
among other structures (Mangalathu and Jeon 2018; Sichani et al.
2017; Kameshwar and Padgett 2014; Ghosh et al. 2013; Seo and
Linzell 2013; Seo et al. 2012). Even though many of these studies
considered several seismic intensity measures (IMs) and model
parameters (MPs) for building the metamodels to predict the
response of the structure, most of them do not clearly depict the
influence of all the considered parameters in the form of multivari-
ate fragility functions from the respective metamodels. For the spe-
cific case of dam-type structures, an extensive comparison between
machine-learning data-based predictive models for monitoring the
dam behavior can be found in Salazar et al. (2015a, b). More
recently, Hariri-Ardebili and Pourkamali-Anaraki (2017a, b), and
Hariri-Ardebili (2018) have used machine learning techniques to
perform reliability analysis applied to gravity dams against flood-
ing, earthquakes, and aging, considering, in some cases, explicit
limit state functions and simplified FEM in others.

Most of the prior studies on the seismic assessment of concrete
gravity dams via machine learning techniques are limited to the
consideration of a single metamodel, simplified FEMs, and univari-
ate fragility functions. Therefore, they do not explore the most suit-
able metamodel for fragility analysis of this type of structure, nor
they explore the influence of the variation of the model parameters
on the seismic fragility analysis. Moreover, none these studies dis-
cuss the proper definition of the seismic scenario likely to occur at a
specific site in a probabilistic manner.

Originality and Contribution

To address the aforementioned gaps, this paper aims to identify the
most viable metamodel, from the subset of machine learning meth-
ods considered, for the seismic fragility assessment of gravity
dams, provide an overview on the importance of the parameters
influencing the dam performance, and formulate design recommen-
dations from the analysis. The major contributions of this paper, in
order of presentation, can be listed as follows: (1) perform a com-
parative analysis to determine the best performing regression meta-
model to predict the base sliding of gravity dams from six
metamodels with different basis function configurations, yielding
a total of 14 different regression techniques, for the first time;
(2) present a methodology to fit parameterized fragility surfaces,

as a function of IMs and MPs, from the metamodels; (3) consider
the correlation between the seismic IMs from a probabilistic seis-
mic hazard analysis (PSHA) to generate the samples to characterize
the seismic scenario where the metamodel will be evaluated;
(4) gain insight into the influence of the model parameters affecting
the dam performance and explicitly quantify their effect with the
generation of multivariate fragility functions; and (5) formulate
model parameter design recommendations from the analysis,
e.g., appropriate range of parameters to achieve target risk.

Metamodel-Based Multivariate Fragility Procedure

Dam seismic assessment is a complex task due to the uniqueness
of each of such structures and to the interaction between the differ-
ent components of the system. Similarly, the seismic response of
dam-type structures involves nonlinear dynamic analysis of com-
plex FEMs, often requiring prohibitively high computation times.
Machine learning describes a series of methods that allow learning
from data, i.e., what relationships exist between the quantities of
interest. When performing probabilistic studies related to structural
reliability, it may be interesting to replace the FEM by a regression
model built on a set of simulated responses, for the purpose of com-
putational efficiency (Goulet 2018). Accordingly, the motivation of
applying statistical algorithms to develop a seismic probabilistic
demand model or metamodel is to expedite this safety assessment
process. Such a model of a model is based on machine learning
techniques to allow the algorithm to learn from the data and be-
cause observations are the output of a simulation, the observation
model does not include any observation error. Within this context, a
probabilistic seismic demand model expresses an approximate re-
lationship between an uncertain seismic response, e.g., a dam’s
maximum relative base sliding, and a set of parameters that influ-
ence the response. The basic idea is for the surrogate or metamodel
to act as a curve fit to the available data so that the results may be
predicted without requiring costly simulation. In the general case,
the metamodel can be described as follows:

yi|{z}
response

¼ gðxiÞ|ffl{zffl}
metamodel

þ v; xi ¼ fx1; x2; : : : ; xngi|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
covariates

ð1Þ

where the surrogate model gð·Þ statistically predicts the response of the
structure, yi, for a given set of intensity measures and model param-
eters, xi; and v = error due to the lack of fit of the surrogate model.

The metamodels considered herein are within an adaptive
scheme, i.e., the functions in the metamodels can change according
to the input data to reduce the burden of manual selection of several
parameters in the metamodel. Therefore, three adaptive metamo-
dels and an interpolation scheme will be considered. In addition,
the performance of two other statistical learning algorithms based
on kernels and decision trees will also be addressed. Among the
different regression techniques, this paper focuses on the following:
(1) polynomial response surface models of order 2 to 4 with step-
wise regression (PRS O2–4); (2) multivariate adaptive regressive
splines (MARS) with linear and cubic splines; (3) adaptive basis
function construction (ABFC); (4) radial basis function (RBF) in-
terpolation with multiquadratic, thin plate splines and Gaussian ba-
sis functions; (5) support vector machines for regression (SVMR)
with linear, quadratic, cubic, and radial basis function kernels; and
(6) random forest for regression (RFR).

Within the extent of this study, the first comparative analysis
of metamodels in the context of seismic assessment of dams is
performed. Using the results from the finite-element simulations,
this study develops metamodels for approximating the seismic
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response of gravity dam-type structures using the three steps out-
lined in Fig. 1. The subsequent sections will detail such steps.

Design of Experiments

To minimize the associated cost of running dynamic nonlinear
FEM of dams under seismic excitation while analyzing an adequate
number of loading conditions and structural system configurations,
an appropriate experimental design method should be used. Struc-
tural and material properties likely to affect the seismic response of
the structure should be considered, and their associated ranges
should be based on experimental data or values found in the liter-
ature. The Latin hypercube sampling (LHS) experimental design
method is adopted to generate nf sample points representing the
different configurations of the dam under study. This sampling
technique was selected because of its ability to divide the desired
range of values for each parameter into n-equiprobable intervals
and then select a sample once from each interval.

Metamodeling Techniques

The following subsections provide a brief overview of the different
metamodels tested in this study for the ability to offer viable meta-
models of the seismic response of dams. Only the most relevant
features of each technique will be presented given that exhaustive
mathematical formulation can be found in the literature. Alterna-
tively, relevant details concerning the model fitting and the algo-
rithm settings are provided.

Polynomial Response Surface: PRS

The polynomial response surface is an m-dimensional surface
that predicts desired responses using a computationally efficient
closed-form polynomial function developed from a set number
of input variables (Murphy 2012). PRS was implemented together
with stepwise regression to select the best explanatory or basis
functions. The sparse polynomial response surface can be repre-
sented as follows:

ŷ ¼ a⊤Θ ð2Þ

where ŷ represents the predicted value with the metamodel, the
set of coefficients is represented by a column vector a; and Θ is
a column vector of basis functions. In this study, the response
variable was considered normally distributed and the metamodel
was trained using the statistics and machine learning toolbox in
Matlab.

Up to 2nd-order polynomials shall suffice for responses charac-
terized by low curvatures, while 3rd- and 4th-degree polynomials
including two factor interactions are more appropriate for signifi-
cant curvatures (Murphy 2012). This approach is considered
because past studies have shown them to be efficient and accurate
for concrete gravity dam seismic performance as well as for meta-
models of other complex structures (Hariri-Ardebili 2018; Seo and
Park 2017; Sichani et al. 2017).

Adaptive Basis Function Construction: ABFC

ABFC is a sparse polynomial regression model building approach
that enables adaptive model building without restrictions on the
model’s degree, accomplished in polynomial time instead of expo-
nential time, as well as without the requirement to repeat the model
building process (Jekabsons 2010a). The required basis functions
are automatically iteratively constructed using a heuristic search,
specifically for the particular data. The ABFC metamodel can be
represented by Eq. (2), where the order of the polynomial basis
functions are adaptively determined. When working with relatively
small datasets, basis functions selection bias and instability should
be prevented. To this end, the ensemble of floating adaptive basis
function construction (EF-ABFC) method proposed by Jekabsons
(2010a) was used, together with the corrected Akaike’s information
criterion (AICC) as the penalization criteria for model evaluation.
The software version 0.10.2 variReg (Jekabsons 2010b) imple-
mented through Matlab was used to train this metamodel. Similar
to the PRS, ABFC has also been proven to be a valuable technique
for the evaluation of the seismic performance of complex structures
(Kameshwar and Padgett 2014).

Multivariate Adaptive Regressive Splines: MARS

MARS is a form of regression analysis introduced by Friedman
(1991). It is a nonparametric regression technique and can be con-
sidered an extension of linear models that automatically take into
account nonlinearities and interactions between variables using a
tensor product basis of regression splines to represent the multidi-
mensional regression functions. The MARS metamodel can be rep-
resented as follows:

ŷ ¼
Xn
i¼1

cibiðxÞ ð3Þ

where ci = constants coefficients; and biðxÞ = basis functions.
Due to its adaptive nature, the MARS metamodel partitions the
sample space and fits a series of models, each of which has a lower
error, and then combines them into an ensemble with an overall
better performance (Ghosh et al. 2013). Two MARS models were
trained, one with cubic splines and the other with linear splines. The
toolbox for Matlab developed by Jekabsons (Jekabsons 2016) was
used for this purpose. The algorithm builds a model in two phases:
forward selection and backward deletion. From the backward
deletion phase, the best models of each size are selected and out-
putted as the final one based on the ones with the lowest general-
ized crossvalidation (GCV) estimates. As suggested by Jekabsons

Fig. 1. Procedure for the generation of metamodels.
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(2016), most attention was paid to the maximum number of basis
functions included in the model, the maximum degree of interac-
tion between input variables, and the GCV penalty per knot.
Regarding the maximum number of basis functions, the recom-
mended value for this parameter is about two times the expected
number of basis functions in the final model (Friedman 1991)
and in the context of this study was limited to 30. The maximum
degree of interaction was set to 3 because it was found to be a
fair trade off between the metamodel predictive capabilities and
the use of computational resources. Concerning the GCV penalty
per knot, larger values will lead to fewer knots (i.e., the final model
will have fewer basis functions). Simulation studies suggest values
in the range of about 2–4 (Jekabsons 2016). As recommended by
Friedman (1991), taking into account the maximum number of
interactions, these value was set equal to 3. MARS models are
well suited to nonlinear problems, easily interpretable, and have
achieved great accuracy in predicting structural response due to
their adaptive nature while being computationally efficient for seis-
mic assessment (Salazar et al. 2015a; Kameshwar and Padgett
2014; Ghosh et al. 2013).

Radial Basis Functions: RBF

Radial basis function interpolation uses basis functions whose re-
sponse monotonically changes as the distance from the central
point increases. It was first introduced by Hardy (1971) for scat-
tered multivariate data interpolation, using linear combinations
of radially symmetric functions based on Euclidian distances or
similar metrics to approximate response functions. The RBF can
be expressed in the following functional form

ŷ ¼ a0 þ
Xm
i¼1

aiΦRBFi
½wiðxÞ� ð4Þ

where ΦRBFi
½wiðxÞ� = nonlinear mapping from the input layer to

the hidden layer; a0 = bias; and a1; : : : ; am = connection weights
between the hidden layer and output layer, typically determined
using iterative procedures. Multiquadratic, thin plate spline and
Gaussian radial basis functions are some of the basis functions
typically considered for interpolation (Murphy 2012). For the
Multicuadratic basis functions and the thin plate spline basis func-
tions, the shape parameter was kept constant as 1=nf , while for the
basis Gaussian basis functions, the smoothing parameter was found
using leave one out crossvalidation (LOOCV). The RBF metamo-
del was also implemented with the software variReg (Jekabsons
2010a). Despite the lack of transparency due to the hidden layer,
RBF have been proven to generate excellent approximations to a
wide range of structural responses (Kameshwar and Padgett 2014;
Ghosh et al. 2013; Wang and Shan 2007) and are thus considered in
this study.

Support Vector Machine for Regression: SVMR

Support vector machines are a modern class of statistical learning
algorithms with a sparse solution; thus, predictions only depend on
a subset of the training data, known as support vectors (Murphy
2012). This technique was originally designed for binary classifi-
cation but can be extended to regression. Moreover, it contains all
the main features that characterize the maximum margin algorithm:
a nonlinear function is learned by a linear learning machine’s
mapping into high-dimensional kernel-induced feature space. The
capacity of the system is controlled by parameters that do not de-
pend on the dimensionality of the feature space. In SVM regres-
sion, the input X is first mapped onto an m-dimensional feature

space using a nonlinear mapping, and then a linear model is
constructed in this feature the space. The statistics and machine
learning toolbox in Matlab were used to train the metamodel with
four different types of kernels (linear, quadratic, cubic, and radial
basis functions). A set of hyperparameters values must be set before
the learning process, which for SVMR includes the soft margin
constant (cost function, C), parameters of the kernel function
(width of RBF kernel or degree of a polynomial kernel), and the
tolerance width margin, ε. Regarding the soft margin constant the
value C ¼ iqrðyÞ=1.349, where iqrðyÞ is the interquartile range of
response variable, was used for the RBF kernel and C ¼ 1 for
all other kernels, as recommended by Fan et al. (Fan et al. 2005).
The width of the RBF kernel was set equal to 1 and, as it was
already mentioned, the degree of the polynomial kernel was set
equal to 1, 2, and 3. Concerning the tolerance width margin, ε
was set equal to iqrðyÞ=13.49 as recommended by Fan et al.
(2005).

SVMR has started to be used progressively for the fragility as-
sessment of bridges (Ataei 2013; Ghosh et al. 2013; Kameshwar
and Padgett 2014) and more recently for dams (Salazar et al.
2015a; Hariri-Ardebili and Pourkamali-Anaraki 2017b), showing
satisfactory results.

Random Forest for Regression: RFR

A random forest is a metaestimator that fits a number of classifying
decision trees on various subsamples of the dataset and uses aver-
aging to improve the predictive accuracy and control overfitting.
The random forest model is an additive-type model that makes pre-
dictions by combining decisions from a sequence of base models.
More formally, we can write this class of models as follows:

ŷ ¼ 1

N

XN
i¼0

fiðxÞ ð5Þ

where the final model is the sum of simple base models fiðxÞ.
Here, each base classifier is a simple decision tree. In random
forests, all the base models are constructed independently using
a different subsample of the data (Murphy 2012). A regression en-
semble was performed within 100 decision trees using Bootstrap
aggregation as the ensemble aggregation method due to its ability
to reduce overfitting of the model, handle higher dimensionality
very well, and require a less careful tuning of different hyper-
parameters unlike the Boosting ensemble method (Efron and
Tibshirani 1993). Moreover, random forests typically offer a good
estimate on prediction accuracy for external data based on the out-
of-bag (OOB) accuracy. For bagged decision trees, the maximum
number of decision splits was set at nf − 1 and the number of pre-
dictors to select at random for each split was one third of the num-
ber of predictors. The algorithm was implemented with the
statistics and machine learning toolbox in Matlab.

RFR metamodels are easy to train and implement, and in con-
trast to other methods, random forests are not sensitive to outliers.
For these reasons, together with the fairly good performance of this
technique in the literature (Ghosh et al. 2013; Kameshwar and
Padgett 2014; Salazar et al. 2015a), RFR are implemented in this
study.

Crossvalidated Goodness-of-Fit Estimates

The goodness-of-fit estimates depict the discrepancy between the
observed values from the FEM simulation and the estimated value
with the meta-model in question. The root mean square error
(RMSE) provides a measure of global error, quantifying the
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difference between the responses predicted by the metamodel and
actual data and is computed as follows:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

nf
ðyi − ŷiÞ2
nf

s
ð6Þ

where yi = response values in the dataset; ŷi = predicted values;
and nf = total number of points in the dataset (FE simulations).
Additionally, the coefficient of determination R2 can be calculated
as follows:

R2 ¼ 1 −
P

nf ðyi − ŷiÞ2
nfσ2

ð7Þ

where σ2 = variance of the response in the dam response dataset.
Similarly, the relative maximum absolute error (RMAE) measures
the extent of the local fitting error and is the ratio of the maximum
absolute difference between the metamodel and test data responses
to the standard deviation of the actual response

RMAE ¼ maxjyi − ŷij
σ

ð8Þ

In the present study, the predictive capability of the metamodels
will be assessed through 5-fold crossvalidation (5-CV). The dataset
is randomly divided into 5 sets, and the metamodel is trained using
k − 1 sets, with the remaining set used as test data. This procedure
is repeated 5 times; thus, 5-CV provides an estimate of the predic-
tive accuracy of the model for unknown data. The average R2 value
resulting from 5-CV will be used along with RMSE and RMAE to
compare the different metamodels.

Multivariate Fragility Analysis

As stated by Ghosh et al. (2013), single-parameter demand models
suffer from two potential drawbacks: (1) the inability to assess the
impact of structural model parameter variation on structure perfor-
mance during earthquakes without costly reanalysis for each new
set of parameter combinations, and (2) the lack of flexibility to in-
corporate field instrumentation data from monitoring of existing
structures to enable the updating of seismic fragility estimates.
Consequently, the use of multivariate fragility functions enables
the efficient uncertainty propagation of the random variables and
allows for the exploration of the effects of design parameter varia-
tion on the vulnerability of the structure. Thus, the goal is to iden-
tify the role of the most influential ground motion IMs and MPs on
the induced damage in the structure to build multivariate fragility
functions from the metamodel output to provide a more complete
and accurate view of the vulnerability of the structure.

Similar to fragility curves, multivariate fragility functions offer
the conditional probability of exceeding different limit states given
the occurrence of an earthquake of a certain intensity. The only
difference is that the specific limit state is characterized with n
parameters p1;p2 : : :pn instead of one parameter, as is the case
with fragility curves. Hence the probability of limit state exceed-
ance is conditioned on the resulting set of critical parameters. The
fragility function corresponding to the limit state l is defined as
follows:

Flðx1;x2; : : : ; xnÞ ¼ PfðLS > LSljp1 ¼ x1;p2 ¼ x2; : : : ;pn ¼ xnÞ
ð9Þ

where LS = limit state damage index; and LSl = value correspond-
ing to the lth limit state.

Sample Generation and Fragility Point Estimates

This paper adopts a sampling strategy for generating point esti-
mates of the fragility functions that draws upon the approach
presented in multiple stripe analysis (MSA) (Baker 2013). How-
ever, in this study, both the ground motion and model intensity
ranges of parameters are stratified, and rather than conduct nonlin-
ear dynamic analyses, the metamodels are used for approximating
the seismic response.

To this end, the selected IMs and MPs to generate the fragility
surface are divided in N and M intensity levels, respectively, and
samples are generated as shown in Fig. 2. While keeping one param-
eter constant, the other is varied among the different levels, and its
response is approximated with the metamodel. The fragility point
estimate is calculated as the number of samples with a specific IM
and MP intensity level that exceed a determined limit state over the
total number of samples generated with those specific IM and MP.

Parametric Fragility Surfaces

While fragility curves are usually represented by well-known and
readily parameterizable probability distributions such as the log-
normal one (Sudret et al. 2015), the problem is more complex
for surfaces, where bivariate distributions must be computed. To
fit an analytical function to the fragility point estimates, within
this MSA approach, the methodology proposed by Baker (2015)
to generate fragility curves and the methodology proposed by
Brandenberg et al. (2011) to generate fragility surfaces are com-
bined for the first time. This joint procedure is further modified
to make it suitable for the generation of fragility surfaces from the
metamodel results, as a function of seismic IMs and model param-
eters, as shown in Fig. 3. The steps involved in the construction of
the parametric fragility surfaces can be summarized as follows:
1. For each limit state, l, fit fragility curves (Fc) according to

Eq. (10), as a function of the seismic IM, for each MP intensity
level, mpk

FcðIM;MP ¼ mpkÞ ¼ ΦlðIM; θk;βkÞ ð10Þ

where Φl is a cumulative density function (CDF); and θk and
βk = parameters characterizing the associated CDF.

2. Plot the values of parameters θk and βk for each limit state
and for each value of mpk, and fit a functional form to the
discrete data

θ̂ ¼ κðpθ;MPÞ ð11Þ

β̂ ¼ κðpβ;MPÞ ð12Þ

Fig. 2. Multiple stripe analysis for meta-model fragility point estimate
generation.
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where θ̂ and β̂ = analytical expressions of the parameters char-
acterizing the CDF as a function of MP; pθ and pβ = regression
coefficients; and κð·Þ = fit-type function (polynomial, exponen-
tial, etc.) selected for each MP.

3. Substitute Eqs. (11)–(12) into Eq. (10) to obtain the analytical
expression of the fragility surface (Fs) as a function of IM and
MP for each limit state, as shown in Eq. (13)

FsðIM;MPÞ ¼ ΦlðIM; θ̂; β̂Þ ¼ ΦlðIM; κðpθ;MPÞ;κðpβ;MPÞÞ
ð13Þ

Three different CDFs [(i) normal, (ii) log-normal, and
(iii) Weibull] were tested, and the one with the best performance
in each case was selected. The parameters of Eq. (10) were esti-
mated with the maximum likelihood estimation (MLE) method
and a Newton-Raphson optimization technique, as recommended

by Baker (2015) when working with the MSA method. In the fol-
lowing sections, an application of the proposed methodology
to assess the seismic vulnerability of a concrete gravity dam case
study is presented, where the effect of the different model param-
eters influencing the seismic response of the dam is explicitly con-
sidered in the fragility analysis.

Case Study: Description and Modeling

The proposed methodology in this study is applied to a case study
gravity dam in Quebec, Canada. It possesses 19 unkeyed mono-
liths, a maximum crest height of 78 m, and a crest length of 300 m.
The dam was chosen for its simple and almost symmetric geometry,
its well documented dynamic behavior, and the availability of
forced vibration test results used to calibrate the dynamic properties
of the numerical model (Proulx and Paultre 1997).

Finite-Element Model

The tallest monolith of the dam is selected as representative of
the structure and was modeled with the explicit finite-element soft-
ware LS-Dyna version R. 9.1.0, as shown in Fig. 4, following the
recommendations of the United States Bureau of Reclamation
(USBR) (Mills-Bria et al. 2013). Only one load case combination
was considered, which included self-weight, hydrostatic thrust, up-
lift, hydrodynamic effects, and seismic load. The proposed model
takes into account the different interactions among the structure,
reservoir, and foundation. The reservoir is modeled with compress-
ible fluid elements, whereas the concrete dam and the rock foun-
dation are modeled with linear elastic materials to which a viscous
damping is associated. Given that the model should remain station-
ary after the static loads are applied, two loading phases were con-
sidered: (1) a dynamic relaxation phase for static loads, and (2) a
dynamic phase for the seismic loads, each with different boundary
conditions. In the first loading phase, a symmetric boundary con-
dition was applied where the normal displacements are zero. For
the dynamic phase, nonreflective boundaries were included to pre-
vent artificial amplification of the seismic waves because of the
finite length of the foundation and reservoir. Concerning the con-
tact surfaces between the different components of the system, slid-
ing contact with zero friction was used to model the dam-reservoir
interface. For the reservoir-foundation interface, tied contact was
applied, except near the upstream face of the dam, where sliding
contact with zero friction was used to maintain reservoir load dur-
ing the sliding of the dam. Preliminary linear analyses identified the

Fig. 3. Parametric fragility surface construction.

Fig. 4. Finite element model of the case study dam.
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concrete-rock interface at the base of the dam and the concrete-
concrete interface at the crest of the dam as high areas of tensile
stresses and, therefore, where cracking and sliding could occur.
Consequently, the model nonlinearity was constrained to these
two areas only, using tiebreak contact elements with a tension-shear
failure criterion. Further details of the modeling assumptions and
the validation of the numerical model can be found in Bernier
et al. (2016).

Model Parameter Uncertainty

Table 1 presents the parameters that were considered random var-
iables in the numerical analysis of the dam response and for which
the uncertainty was formally included through their probability
distribution functions (PDFs). All of the remaining input parame-
ters were kept constant and represented by their best estimate val-
ues. For the case study dam, due to limited availability of material
investigations, the probability distributions were defined using

empirical data of similar dams. The uniform distribution was used
for most parameters except for damping, for which a log-normal
distribution was adopted as proposed by Ghanaat et al. (2012).
By posing the resulting metamodels and fragilities as functions of
MPs that have a significant impact on the behavior of the dam, fu-
ture studies may integrate these models with emerging estimates of
these parameters or updated PDFs.

Damage Limit States

In recent years, typical damage modes that could lead to the poten-
tial collapse in dams after a seismic event have been identified, and
seismic damage levels can be established. Preliminary analyses
have confirmed sliding as the critical failure mode for the case
study dam (Bernier et al. 2016), and other failure modes would only
occur after sliding had already been observed. As a result, base
sliding at the concrete-to-rock interface damage limit states pro-
posed in Tekie and Ellingwood (2003) is considered in this study
and presented in Table 2. The incipient sliding limit state should
only cause minor damage since well-dimensioned dams should
be able to undergo slight deformations or displacements while re-
maining stable. The moderate damage limit state can be considered
as the onset of nonlinear behavior where material cracking occurs,
deformations may become permanent and the drainage system be-
gins to be affected. Displacement greater than 50 mm could cause
differential movements between the blocks and potentially lead to
the loss of control of the reservoir and very extensive damage,

Table 1. Parameter distributions considered for statistical design of experiments

Parameters PDF Distribution Parameters

Concrete-to-rock tensile strength (MPa) Uniform L ¼ 0.2 U ¼ 1.5
Concrete-to-concrete tensile strength (MPa) Uniform L ¼ 0.3 U ¼ 2.0
Concrete-to-rock cohesion (MPa) Uniform L ¼ 0.3 U ¼ 2.0
Concrete-to-concrete cohesion (MPa) Uniform L ¼ 0.9 U ¼ 2.5
Concrete-to-rock angle of friction (degrees) Uniform L ¼ 42 U ¼ 55

Concrete-to-concrete angle of friction (degrees) Uniform L ¼ 42 U ¼ 55

Drain efficiency (%) Uniform L ¼ 0.0 U ¼ 66

Concrete damping (%) Log-normal λ ¼ −2.99 ζ ¼ 0.35

Table 2. Limit states considered for the case study dam

Limit state Base sliding, δmax (mm)

LS0—Slight/minor 5
LS1—Moderate 25
LS2—Extensive 50
LS3—Complete 150

Table 3. Metamodel comparison for base sliding

Metamodel RMSE R2 RMAE 5-CV RMSE 5-CV R2 5-CV RMAE

PRSa Order: 2 0.367 0.857 1.245 0.381 0.846 0.945
Order: 3 0.324 0.889 1.156 0.342 0.876 0.923
Order: 4 0.319 0.907 1.024 0.321 0.887 0.898

ABFCa 0.308 0.900 1.149 0.360 0.860 1.040

MARSa Linear 0.281 0.916 0.920 0.408 0.810 —
Cubic 0.298 0.905 1.040 0.383 0.841 —

RBFb Multiquad — — — 0.355 0.866 1.137
Thin plate — — — 0.373 0.846 1.165
Gaussian — — — 0.468 0.767 1.310

SVMRc Linear 0.361 0.862 1.243 0.379 0.843 0.956
Quadratic 0.302 0.904 1.184 0.405 0.824 1.136
Cubic 0.267 0.924 1.056 0.859 0.213 3.582
RBF 0.194 0.959 0.775 0.651 0.554 1.483

RFRd 0.240 0.939 0.987 0.406 0.824 1.113
aAdaptive algorithm.
bInterpolation scheme.
cKernel-based algorithm.
dDecision trees–based algorithm.
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while displacements greater than 150 mm represent a complete
damage state and high probability of collapse of the structure.

Seismic Hazard and Ground Motion Selection
Method

A probabilistic seismic hazard analysis (PSHA) was performed at
the dam site with the computer software OpenQuake version En-
gine 2.8 to characterize the possible earthquake scenarios at differ-
ent intensity levels. The hazard levels were defined in terms of
horizontal spectral acceleration at the fundamental period of the
structure [SaHðT1Þ ¼ 0.1 g∶0.1∶1.0 g] to conveniently cover the
range of spectral accelerations corresponding to return periods from
700 to 30,000 years.

To proceed with the selection of a representative set of ground-
motion time series (GMTS), the generalized conditional intensity
measure (GCIM) approach (Bradley 2010) was adopted. The pur-
pose of using the GCIM approach is to include the most influencing
seismic IMs with respect to the structural response. For the case of
gravity dam-type structures, peak ground velocity (PGV) was
found to be one of the best performing ground-motion structure-
independent scalar IM to correlate damage (Hariri Ardebili and
Saouma 2016a). Similarly, the vertical spectral acceleration SaV
is also expected to be relevant in heavy structures of this sort.
As a result, the set of considered IMs in the GCIM are SaHðTÞ,
SaVðTÞ, and PGV, where SaHðTÞ and SaVðTÞ are computed at
20 vibration periods in the range of T ¼ f0.2T1 − 2T1g, as pro-
posed by Baker (2011), leading to a total of 41 IMs to be considered
in addition to the conditioning IM, SaHðT1Þ. The GCIM distribu-
tion computed with the abovementioned IMs was then used to sim-
ulate and select 250 ground motions. The records were selected
from the PEER NGA-West2 database (Ancheta et al. 2013) due
to the limited availability of strong ground motion records in
the PEER NGA-East database (Goulet et al. 2014). Further details
on the PSHA and the record selection procedure can be found in
Segura et al. (2018).

Most Viable Metamodel for Maximum Relative Base
Sliding Prediction

By selecting different configurations of the model parameters in
Table 1, nf ¼ 250 samples of the FEM were generated with
LHS and paired with the selected ground motions. The maximum
relative sliding at the base (δmax) was computed from nonlinear
simulations, and 14 regression metamodels were fitted to the struc-
tural response. An initial prescreening of the covariates or predic-
tors was made before selecting the algorithm, based on visual
inspection of the scatter plots of the possible predictors with respect
to the response of the structure and taking into account the param-
eters affecting the dynamic behavior of the structure. This initial set
of predictors (input) was used to train all the considered metamo-
dels to perform a comparative analysis. In addition to the model
parameters listed in Table 1, several seismic intensity measures
were considered in the starting set of variables, such as spectral
acceleration at the fundamental period [SaHðT1Þ], spectral velocity
at the fundamental period [SvHðT1Þ], peak displacement, velocity
and acceleration (PGD, PGV, PGA), spectrum intensity (SI), earth-
quake angular frequency (ωeqk), significant duration (D595), Arias
intensity (Ia), and peak ground acceleration and spectral acceler-
ation at the fundamental period in the vertical direction [PGAV ,
SaVðT1Þ]. Given that some algorithms already perform an internal
selection of the predictors (with forward and backward iterations),

the selected final set of predictors (output) in each metamodel is a
subset of the initial set of predictors.

Comparison of Metamodel Predictive Capabilities

The performance of the metamodels, namely, their ability to predict
the sliding response of the dam, is judged based on the goodness-
of-fit estimates shown in Table 3. In general, good performance of
the adaptive-type metamodels and relatively poor performance of
the kernel-based metamodels were observed, which could be ex-
plained due to the small training set. Provided that the number
of samples considered to train the different algorithms can have
an effect on the performance of the latter, Fig. 5 presents the varia-
tion of the prediction performance of the considered metamodeling
techniques with respect to the size of the training set. In general it
can been that the prediction accuracy from 5 fold crossvalidation
improves as the number of training samples increases and that all
considered metamodels perform poorly with small training samples
(<50). However, it should be noted that for some metamodels, after
a certain number of samples, the goodness-of-fit estimates remain
almost constant or with a relatively low rate of improvement.

(a)

(b)

(c)

Fig. 5. Prediction capabilities comparison versus size of the training
set: (a) 5-CV RMSE; (b) 5-CV R2; and (c) 5-CV RMAE.
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Indeed, for these metamodels, the fact of increasing the size of the
training samples beyond a certain number will not translate in a
significant improvement of the predicting capabilities of the algo-
rithm. This is the case for ABFC, PRS O2−4, RFR, and, to a lesser
extent, MARS and RBF, where beyond 175 training samples the
improvement of the predicting accuracy is relatively low. On the
contrary, for SVMR with different kernel functions, it can be ob-
served that the performance of the algorithm keeps progressively
increasing as the number of samples increases. Moreover, although
the local and global performance of SVMR with linear and quad-
ratic kernels is reasonable, it should be mentioned that approxi-
mately 72% of the samples in the dataset were used as support
vectors in the multidimensional feature space to find hyperplane
that separates all given samples. This is the result of a highly non-
linear feature space and a larger sample should be used to validate
this type of model.

Goodness-of-fit estimates were calculated to evaluate how
closely the metamodel’s predicted values match the FEM simula-
tion (true) values, considering the whole dataset for training and
testing. Despite the fact that some algorithms showed superior per-
formance, it is also known that some of them tend to overfit the
data. To this end, the metamodels were trained and validated using
5-CV, and the performance was evaluated by calculating the mean
of the goodness-of-fit estimates obtained from each fold. Conse-
quently, by comparing the estimates from the algorithm trained
and validated with the whole dataset with the ones from crossva-
lidation, it is possible to identify model overfitting. Fig. 6 presents
the comparison of the goodness-of-fit estimates of the metamodels
trained with the entire training set and the average result from 5-CV.
It is intended for these indicators to be as close as possible to ensure
that the metamodel can predict accurately for the cases that were
trained with as well as for the unknown cases, i.e., to prevent over-
fitting. From Fig. 5, it can be seen that in terms of RMSE and R2,
the PRS metamodels present similar values for both cases. Simi-
larly, in terms of RMAE, the ABFC and the MARS surrogates,
for which the estimates were calculated with the entire training
set, are very close to those from 5-CV. On the other hand, the
SVMR behavior suggests overfitting of the metamodel, given their
large capacity to describe the training dataset but failing to predict
beyond it to unseen cases. The RFR metamodel presents fair results
regarding the R2 and RMAE, but the difference between the RMSE
for the training data and the average 5-CV reflect some limitations
to accurately predict the response of the system. From Fig. 5 and
Table 3, the best metamodel in terms of predicting capabilities is the
4th-order PRS (PRS O4), which is evident from the 5-CV results.

Polynomial Response Surface Metamodel

From the metamodel comparison, the selected surrogate is a poly-
nomial response surface of 4th-order (PRS O4) as a function of
three model parameters, three seismic intensity measures, and their
transformations and pairwise products

δmax ¼ gðXÞ ¼ gðCRF;DR;CRC
zfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflffl{modelparameters

; PGV; Ia; PGAV

zfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflffl{seismicIMs

Þ þ v ð14Þ

v ∼N ðv; 0; σ2
vÞ ð15Þ

where CRF, DR, and CRC = model parameters corresponding to
the concrete-rock angle of friction, drain efficiency, and concrete-
rock cohesion, respectively; PGV = peak ground velocity; PGAV =
peak ground acceleration in the vertical direction; and Ia = Arias
intensity. A normally distributed model error term v with zero
mean and standard deviation equal to the RMSE is added to the

selected surrogate model to reflect the lack of fit (Barnston 1992;
Kameshwar and Padgett 2014; Sichani et al. 2017).

The stepwise regression algorithm in MATLAB R2019b was
formally implemented together with PRS to improve the task of
manually selecting the predictors. This first filter was used because
the PRS metamodel considers all the covariates present in the data-
set. The algorithm starts with a constant term to predict the re-
sponse. In the next step, one predictor is added to the model,
and the performance of the model is evaluated based on the Baye-
sian information criterion (BIC). If the model performance im-
proves, the added term is kept; otherwise, it is removed, and
this process is repeated until all the proposed predictors are tested.
As a result of the stepwise regression, the best predictors from
each 5-CV fold were selected. A polynomial regression model

(a)

(b)

(c)

Fig. 6. Goodness-of-fit–training data versus crossvalidation average:
(a) RMSE; (b) R2; and (c) RMAE.
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(a) (b)

(c) (d)

Fig. 10. Fragility surfaces: Fs (PGV,CRF) for (a) LS0; (b) LS1; (c) LS2; and (d) LS3.

(a) (b) (c)

Fig. 7. PRS O4: (a) Predicted versus simulated values (millimeters); (b) residuals histogram; and (c) fitted value residuals.

(a) (b) (c)

Fig. 8. Linear correlation between the seismic IMs from the GMTS.

(a) (b) (c)

Fig. 9. Probability distribution of seismic predictors.
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considering the interaction between the predictors was fitted to the
dataset. In addition to the 5-CV method, which shows the overall
accuracy of themodel, p-values associated with the explanatory func-
tions were controlled to be smaller than 0.05, assuring that the final
terms included in the model are not selected by chance. Fig. 7(a)
shows that the predicted values obtained with the selected metamodel
are in agreement with the simulated dataset, while in Figs. 7(b and c),
it can be seen that the residual normal distribution and the independ-
ence between the observation error hypothesis is respected.

Dam Sample Generation and Multivariate Fragility
Functions

Regarding the generation of the samples where the metamodel will
be evaluated to predict the dam’s response and derive point esti-
mates of fragility, independence among all the MPs was considered
to generate 5 × 105 samples with LHS. Nevertheless, it should
be noted that for a specific site, the seismic IMs are correlated.
For the case study dam and considering the 250 GMTS used to

(a)

(c)

(b)

(d)

Fig. 12. Fragility surfaces: Fs (PGV, CRC) for (a) LS0; (b) LS1; (c) LS2; and (d) LS3.

(a)

(c)

(b)

(d)

Fig. 11. Fragility surfaces: Fs (PGV, DR) for (a) LS0; (b) LS1; (c) LS2; and (d) LS3.
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train the metamodels, a linear correlation is to be expected, as seen
from Fig. 8. Fig. 9 shows the histogram of the logarithm of the
seismic IMs that follow an approximate normal distribution. Based
on this, the samples of these parameters are taken from a jointly
log-normal distribution with their respective correlation coeffi-
cients. In addition, to consider a range of values corresponding
to return periods from 700 to 30,000 years at the dam site, the pos-
sible values of PGV, Ia, and PGAV were bounded, respectively,
as 0.8 cm=s ≤ PGV ≤ 25 cm=s, 0.0 m=s ≤ Ia ≤ 2.5 m=s, and
0.01 g ≤ PGAV ≤ 0.25 g.

The fragility analysis was performed following the MSA meth-
odology depicted in Fig. 2. The range of each of the parameters of
the fragility surface was divided into 100 intervals. As a result, 104

fragility point estimates were generated for each limit state. More-
over, to display how the variation of the model parameters alters the
seismic fragility, fragility surfaces as a function of PGVand each of
the model parameters considered in the metamodel (CRF, DR, and
CRC) were generated. It is noteworthy that PGV was selected as
the IM to be displayed in the fragility surface not only because of its
practicality of database availability and value accessibility but also
because, as previously mentioned, it was found to be one of the best
performing ground-motion IM to correlate with the proposed dam-
age state (Hariri Ardebili and Saouma 2016a).

Parametric fragility surfaces for each limit state and for each MP
were generated, implementing the methodology explained in Fig. 3.
The resulting fragility surfaces are depicted in Figs. 10–12, and the

(a) (b) (c)

(d) (e)

(g) (h)

(f)

Fig. 13. CRF fragility curves parameters regression: (a) θ̂CRF—LS0; (b) β̂CRF—LS0; (c) θ̂CRF—LS1; (d) β̂CRF—LS1; (e) θ̂CRF—LS2;
(f) β̂CRF—LS2; (g) θ̂CRF—LS3; and (h) β̂CRF—LS3.

Table 4. Fragility surfaces’ goodness of fit

Parameters Limit state R2 RMSE RMAE 5-CV R2 5-CV RMSE 5-CV RMAE

PGV-CRF LS0 0.997 0.013 0.207 0.991 0.014 0.215
LS1 0.997 0.015 0.253 0.992 0.016 0.277
LS2 0.996 0.014 0.314 0.991 0.015 0.364
LS3 0.991 0.010 0.449 0.991 0.014 0.480

PGV-DR LS0 0.997 0.013 0.217 0.990 0.014 0.291
LS1 0.997 0.014 0.263 0.995 0.015 0.293
LS2 0.996 0.014 0.252 0.994 0.016 0.285
LS3 0.987 0.016 0.752 0.948 0.018 0.649

PGV-CRC LS0 0.994 0.023 0.809 0.991 0.024 0.724
LS1 0.997 0.017 0.288 0.993 0.018 0.295
LS2 0.995 0.017 0.348 0.992 0.017 0.390
LS3 0.987 0.015 0.803 0.973 0.016 0.882
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goodness-of-fit between the proposed parameterized fragility sur-
faces and the fragility point estimates is presented in Table 4.

Effect of Model Parameter Variation in the Fragility
Analysis

Concrete-Rock Angle of Friction

Fragility curves as a function of PGV were calculated for each CRF
intensity level, according to Eq. (10), where Φl in this case is the
Weibull CDF. The parameters characterizing the CDF were plotted
for each CRF value and for each limit state, as shown in Fig. 13. A
linear function was fitted to each parameter whose regression co-
efficients are shown in Table 5. Finally, the parametric fragility sur-
face is depicted by Eq. (16)

FsðPGV;CRFÞ ¼ CDFWðPGV;pθ1CRFþ pθ2 ;pβ1
CRFþ pβ2

Þ
ð16Þ

where the CDF is also a Weibull distribution to be consistent
with the fragility curves. As seen from Fig. 10 and Table 4, the

parametric fragility surfaces fit fairly well with the fragility point
estimates.

Drain Efficiency

The same procedure described in the above section was used to
develop fragility surfaces as a function of PGV and DR; however,
a quadratic fit-type function was used instead of a linear one, as
seen in Fig. 14. The parameterized formulation is described by
Eq. (17)

FsðPGV;DRÞ
¼CDFWðPGV;pθ1DRþpθ2DR

2þpθ3 ;pβ1
DRþpβ2

DR2þpβ3
Þ

ð17Þ

where pθ1;2;3 and pβ1;2;3
= linear regression coefficients shown in

Table 6. Fig. 11 shows the resulting fragility surfaces.

Concrete-Rock Cohesion

Similarly, the fragility surfaces as a function of PGVand CRC were
generated. In this case, as displayed in Fig. 15, an exponential func-
tion was fitted to each parameter defining the fragility curves, and a
log-normal CDF was used for the fragility functions. The paramet-
ric fragility surfaces result in the following

FsðPGV;CRCÞ
¼ CDF lnN ðPGV;pθ1CRC

pθ2 þ pθ3 ;pβ1
CRCpβ2 þ pβ3

Þ ð18Þ

(a) (b) (c)

(d) (e) (f)

(g) (h)

Fig. 14. DR fragility curve parameter regression: (a) θ̂DR—LS0; (b) β̂DR—LS0; (c) θ̂DR—LS1; (d) β̂DR—LS1; (e) θ̂DR—LS2; (f) β̂DR—LS2;
(g) θ̂DR—LS3; and (h) β̂DR—LS3.

Table 5. CRF regression coefficients

Limit state pθ1 pθ2 pβ1
pβ2

LS0 2.619 3.548 0.471 0.799
LS1 4.928 7.753 0.727 0.820
LS2 6.358 10.795 0.920 0.741
LS3 6.836 21.918 1.412 0.439
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where pθ1;2;3 and pβ1;2;3
= linear regression coefficients presented in

Table 7. The fragility surfaces are shown in Fig. 12.

Application to Seismic Assessment of Dams

The resulting fragility functions can also be used to assess the seis-
mic performance of the dam by formulating recommendations with
respect to the model parameters. To achieve a desired seismic per-
formance, boundaries of model parameters for an adequate perfor-
mance under extreme limit states can be formulated. The usable
range of values is determined by ensuring that the probability of
exceedance given that an extreme event is in line with the current
guidelines for the minimum provisions for life safety. To establish
the admissible values of the model parameters, a return period of
10,000 years, which corresponds to the maximum considered earth-
quake (MCE) (ASCE 2016; FEMA 2015; CDA 2007), was used.
The peak ground velocity associated with the MCE (PGVMCE) was
determined from the PSHA and from the fragility surfaces corre-
sponding to the complete damage limit state (LS3), and the fragility

curves as a function of the model parameters were extracted for the
PGVMCE value.

According to what it is proposed by ASCE 7 (ASCE 2016), for a
risk category III (dam-type structures) and total or partial structural
collapse, the maximum probability of failure should be less than
6%. Consequently, and as shown in Fig. 16, the boundaries of
model parameters were established to provide a probability of ex-
ceedance less than 6% for an MCE seismic scenario. As a result, a
range of values of 50° ≤ CRF ≤ 55°, 0.35 ≤ DR ≤ 0.66, and
0.87 MPa ≤ CRC ≤ 2.0 MPa should be considered to ensure that
the performance of the dam is in line with the minimum values for
life safety. Nonetheless, it should be acknowledged that these
parameter ranges are derived from the single parameter at a time
evaluation, and the joint interaction of the model parameters should
be further examined.

Conclusions

The main objective of this study was to identify the most viable
metamodel among those considered for the seismic fragility

(a) (b) (c)

(d) (e) (f)

(g) (h)

Fig. 15. CRC fragility curve parameter regression: (a) θ̂CRC—LS0; (b) β̂CRC—LS0; (c) θ̂CRC—LS1; (d) β̂CRC—LS1; (e) θ̂CRC—LS2; (f) β̂CRC—LS2;
(g) θ̂CRC—LS3; and (h) β̂CRC—LS3.

Table 7. CRC regression coefficients

Limit state pθ1 pθ2 pθ3 pβ1
pβ2

pβ3

LS0 −1.074 −1.079 2.619 0.378 −0.996 0.274
LS1 −0.928 −0.758 3.247 0.306 −1.049 0.310
LS2 −0.510 −0.977 3.177 0.341 −0.989 0.288
LS3 −0.025 −2.931 3.285 0.415 −0.934 0.249

Table 6. DR regression coefficients

Limit state pθ1 pθ2 pθ3 pβ1
pβ2

pβ3

LS0 4.483 3.964 4.697 −0.027 0.274 1.314
LS1 16.701 5.163 9.621 −0.230 0.393 1.637
LS2 34.515 3.821 12.780 −0.433 0.454 1.782
LS3 123.314 −10.199 20.957 −0.713 0.432 2.033
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assessment of gravity dams, present a methodology for the devel-
opment of multivariate fragility functions displaying the effect of
the model parameter variation on the dam seismic performance and
formulate design recommendations from the analysis.

The methodology was applied to a case study dam located in
northeastern Canada. PSHA was performed to characterize the
seismic hazard at the dam site and to select 250 ground motions,
consistent with the latter, using the GCIM approach. The sets of
selected ground motion records were paired with the 250 samples
of numerical models of the dam generated with LHS, representing
different material and loading configurations of the system.
The dataset used to train the metamodels was generated by per-
forming nonlinear dynamic analysis of these samples, with an
FEM that considered the fluid-structure-foundation interaction
and by extracting the maximum relative sliding at the base of
the dam. Six different types of metamodels with different configu-
rations (basis and interpolation functions) were fitted to the seis-
mic response of the case study dam to predict the sliding limit
state at the base of the dam. The 4th-order PRS emerged as the
best performing metamodel based on local and global goodness-
of-fit estimates from 5-CV, and it was used to generate fragility
surfaces as a function of PGVand each of the model parameters. It
is observed that the variability of the concrete-rock cohesion
model parameter has the most influence on the fragility analysis
estimates, followed by the drain efficiency and to a lesser extent,
the concrete-rock angle of friction. Finally, a seismic assessment
was performed to determine the model parameter boundaries for
adequate performance under extreme events, such as the MCE,
to respect the minimum safety margins proposed by the current
guidelines.

It should be noted that machine learning techniques are indis-
pensable when assessing the vulnerability of structures with com-
putationally expensive FEM such as gravity dams subjected to
seismic loading. Similarly, the use of surrogate models allows for
the exploration of the impact of different parameters in the fragility
without the costly reevaluation of the FEM simulations. Regarding
the fragility functions, as evident for the case presented herein and
the goodness-of-fit values, the fragility estimates are well depicted
by the methodology suggested in this study to fit parametric fra-
gility surfaces.

It is expected that the results of this study can lead to more
accurate planning and retrofitting policies to expedite the safety
assessment of dams under seismic loads while supporting the
decision-making process and to guide the preliminary design of
future gravity dams. In future studies, additional insight into the
correlation between the parameters defining the model configura-
tions should be made, including other relevant limit states for grav-
ity dams. Additionally, the model parameter variations in the
fragility analysis should be further explored to provide parametric

fragility functions, including the joint interaction of these param-
eters using classification meta-modeling techniques.
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Notation

The following symbols are used in this paper:
a = constant coefficient vector for PRS metamodel;
a0 = bias constant term for RBF metamodel;

a1; :::;am = connection weights between hidden layers for RBF
metamodel;

bð·Þ = basis functions of MARS metamodel;
C = SVM cost function;
c = constant coefficients for MARS metamodel;

D595 = earthquake significant duration;
fð·Þ = decision tree base models for RFR;
gð·Þ = surrogate model function;
Ia = Arias intensity;
L = uniform PDF lower bound;

N ð·Þ = normal distribution;
NFLS = normal failure stress;

nf = number of FE simulations;
On = nth order of the polynomial response surface;

PGAV = vertical peak ground acceleration;
PGVMCE = peak ground velocity associated with the MCE;
p1; :::;pn = parameters characterizing a limit state;

pθ, pβ = regression coefficients;
R2 = coefficient of determination;

SaHðTÞ = horizontal spectral acceleration corresponding to
period T;

(a) (b) (c)

Fig. 16. Admissible model parameter range of values for MCE events: (a) concrete-rock angle of friction; (b) drain efficiency; and (c) concrete-rock
cohesion.
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SaVðTÞ = vertical spectral acceleration corresponding to
period T;

SvHðT1Þ = horizontal spectral velocity corresponding to
period T1;

SFLS = shear failure stress;
T = period of vibration;
T1 = fundamental mode period;
U = uniform PDF upper bound;
v = normally distributed model error vector;
v = model error;

Wð·Þ =Weibull distribution;
wð·Þ = radial function for RBF metamodel;
X = covariate matrix;
x = row vector of the covariate matrix;
y = structural response;
ŷ = predicted structural response;

δmax = maximum relative sliding at the base;
ϵ = SVM tolerance width margin;
ζ = standard deviation of the damping log-normal PDF;
Θ = vector of basis functions for PRS metamodel;

θ, β = parameters characterizing a cumulative density
function;

θ̂, β̂ = analytical formulation of the cumulative density
function parameters;

κð·Þ = fit-type regression function;
λ = mean of the damping log-normal PDF;
ρ = linear correlation coefficient between IMs;
σ = standard deviation of the response in the dataset;
σn = normal stress;
σs = shear stress;
σv = standard deviation of the normally distributed model

error;
Φð·Þ = cumulative density function;

ΦRBFi
ð·Þ = nonlinear mapping function for RBF metamodel;
ϕ = concrete-rock angle of friction; and

ωeqk = earthquake angular frequency.
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