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Abstract

The Peak Ground Acceleration (PGA) is extensively used in earthquake engineering practice to describe the ground
motion characteristics for establishing the seismic vulnerability curves. However, a single parameter is not enough to
describe the seismic excitation and does not allow expressing the complex relationship between the structural damage and
the ground movement. Motivated to overcome these shortcomings, several ANN-based models were proposed to predict
the seismic structural damage using other parameters. Unfortunately, not all include soil structure interaction. This paper
aims to explore the predictive power of an ANN-based approach to reproduce the nonlinear dynamic behavior taking into
account the various ground motion intensities, the variability of soil, and SSI. The basic strategy is to train a neural
network by a numerical database obtained from a FEM model. This numerical model is further validated by experimental
results. An optimum prediction for a nonlinear dynamic response is achieved using Artificial Neural Networks. Finally,
fragility curves were established considering SSI for three different soil classes. Results revealed the importance of

considering SSI effects on the evaluation of seismic structural damage and risk assessment analysis.
Keywords: Fragility curves; Soil-Structure Interaction; ANN; macro-elements.
1. Introduction

Earthquakes appear to be one of the most harmful natural disasters. Over the past decades, different regions over the
world (Mexico, Italy, China, Algeria...) have been hit by a devastating earthquake. Unfortunately, there is not any reliable
way to predict where and when an earthquake will occur. The intensity is still another challenge. In order to establish a
quantitative estimate of a seismic risk, the vulnerability analysis should be performed to assess the degree of susceptibility
of structural elements to damage. A common form to express the relationship between the damage and the hazard intensity

is the fragility curves.

A fragility curve could be established using empirical methods as proposed by [1,2]. Other methods are based on expert

opinion, as mentioned in ATC [3] and the guide proposed by [4]. Alternatively, we can use numerical models to obtain the
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analytical fragility curves. The analytical fragility curves are established from a statistical determination of the distribution
of simulated damage using structural models and varying seismic intensity (usually PGA). These curves usually take into
account a limited number of structural properties and use only one single parameter to describe the strong ground motion.
In [5], the authors have already proved that a single parameter is not enough to describe the seismic excitation and does
not allow expressing the complex relationship between the damages and the parameters characterizing the ground
movement. On another side, with the evolution of computer hardware and its use, a new family of computing methods,
called soft computing methods, has emerged. These methods are based on heuristic approaches rather than rigorous
mathematical approaches. Although at the beginning there was some reluctance towards the use of these heuristic methods,
yet its efficiency was revealed later, in many previous cases, to be surprisingly powerful. Currently, their use is continually
increasing, especially the most popular neural networks (NN), Metaheuristics and Fuzzy Logic. Soft computing techniques
have also been widely used in civil and infrastructure engineering [6—10]. Among soft computing techniques, ANN

appears to be a good tool to describe complex relationships influenced by numerous parameters.

In the present paper, the ANN method is used to assess the seismic risk of an existing bridge using the vulnerability
curves. ANN needs training data. To establish this database, Non-Linear Time History Analysis is performed to evaluate
the dynamic structural response of the bridge. The inelastic time history analysis is performed within the framework of the
FEM method using different ground motions characterized by their Peak Ground Acceleration (PGA), Peak Ground
Velocity (PGV) and Peak Ground Displacement (PGD) along with Spectrum Intensity (SI), dominant frequency and
duration. When dealing with inelastic nonlinear analysis, material non-linearity could be modeled by lumped or distributed
(spread) plasticity. Spread plasticity models are based on the use of the classical plasticity approach (or damage approach)
with specific constitutive behavior laws [11]. Numerically speaking, within the framework of the finite element method,
the non-linearity is spread over integration points (Gauss points). Alternatively, the concept of fibre elements (multi-fibre
approach) is considered as a simplified strategy to deal with material non-linearity. In this paper, a multifiber-based model

[12] is adopted .

In addition to those nonlinear models, the boundary conditions must be taken into account. Most of the nonlinear
dynamic methods do not incorporate the interactions with foundations explicitly. The structure is supposed to be fixed and
soil conditions are roughly taken into account via a compatible ground motion. The interaction of the soil with a
superstructure has been the subject of numerous investigations. Over the past years, several analytical and experimental
studies have been conducted to investigate the effect of Soil-Structure Interaction on the seismic behavior of structures
[13] [14]. These studies have indicated that the nonlinear soil-foundation behavior affects the response of the structure-
foundation system. Three main approaches are used to model the SSI [15] (i) The classical direct methods based on the

finite element approach where each constituent is modeled explicitly and the constitutive laws (linear or non linear) are



taken into account. This method is time-consuming especially when the system is geometrically complex with significant
nonlinearities in the soil and/or structural materials. (ii) Substructure approach where the SSI problem is decomposed
into simpler problems (Kausel’s superposition principle: kinematics interaction and inertial interaction). This approach is
valid only for linear problems. (iii) Hybrid models that take advantages from the previous ones. Computations are not

time-consuming, which is an advantage from an engineering point of view.

The "macro-element" concept considered as a hybrid model is used in the present study. Its ability to simulate the 3D
behavior of a viaduct with fixed rigid shallow foundations under static and dynamic loadings has been already proved [16].
Therefore, the input parameters for the ANN are extended to local geotechnical soil characteristics and footing dimensions.
Using the results of the numerical simulations, a mapping between the input data (ground motion properties, soil
characteristics, footing dimensions) and the dynamic response (study output) is established using an ANN. The predictive

power of the ANN is assessed using several examples.

Finally, a log-normal distribution form is used to establish the fragility curves. The log-normal law needs only two
parameters (mean and standard deviation) to identify those curves. A limit state criterion is defined as the value of the
structural demand that a system is unable to achieve at a specified damage level (or failure level). The state of damage can
be specified via limits for any response parameter such as stresses, deformations, displacements, accelerations. The
characterization of the damage state, based on these corresponding parameters, depends on the type of the structure and on

the structural materials.

2. Multilayered feed-forward neural networks

These elements, known as artificial neurons, are brain anatomy inspired. They are deliberately designed to mimic the
organizational principles of a biological neuron, such as learning from experience, generalizing from a set of measured
data to new cases with different data and summarizing essential characteristics from sets of inputs containing irrelevant
data. These neural networks are used to establish relationships (mappings) between a vector of input variables X and a
vector of output variable Y, within the domain of the training data set [17]. ANN-based models have been used earlier to
solve civil engineering problems. In 1992, Wu et al. published the first article using ANN to predict structural damages
[18]. Recently, Artificial Neural Network (ANN) models have been widely applied to various relevant civil engineering

problems. A useful review of ANN used in civil engineering is presented in [19].

An artificial neural network consists of an input layer X, one or more hidden layers (HLs), and an output layer (OL).
The neural networks establish the relationship between the input and output by the assignment of weight coefficients to the

connections between neurons in two neighbouring layers. These weight coefficients constitute the network weight matrix



denoted by “Wn”, where “n” represents the number of layers associated with weight coefficient matrices. Fig. 1 shows a

neural network with three layers (input, hidden and output). Each hidden layer comprises three nodes (neurons).

Input Hidden Hidden Output
Layer Layer Layer Layer

Fig. 1 Double hidden layer BP ANN structure.

Regarding the network architecture, the multilayered feed-forward neural network arrangement, using nonlinear
activation functions are currently the most commonly used neural network in engineering applications. In most cases, it
enhances the ability of the ANN to “learn” a complex relationship between input and output data set. Each neuron layer

receives, as an input, a weighted sum from the previous neighbour layer.
u=v"z (1

“T” denotes transposition. The input and weight vectors at each hidden layer have been denoted by v and z, and they
are different from the precedent X and W, which are for the input layer and the whole weight network. The output of the

neural network is obtained from the last hidden layer using an activation function such as the sigmoid function:

y=f@ 2)

The aim of training a multilayered feed-forward neural network is to minimize the total error between predicted and

output data. The following formula can define the total error:

1
E(w) = Ee(w)Te(W) ®)

e (w) is the error between the target values and the network outputs.

Initially, the weights are used to propagate the learning forward from input to the output layers. However, we can also

use the weights to propagate the error backwards from the output back into the network. During learning process, the error



calculated is propagated back through the layers of the neuronal network by updating the weight coefficients. The process
of distributing the calculated error at the output, backward into the network to refine the weights, is called Back-

Propagation (BP). The new weights are computed iteratively using the following formula:
Wierr = Wy — [JT W] (wi) + N7 (wi)e(wy) “4)

Where subscript k denotes the iteration step, Ax is a scalar that controls convergence properties, and J is the Jacobian
matrix. Many factors such as the complexity of the underlying process represented in the training data set, the network
architecture and the training process can influence the total errors between predicted and outputs data. It is important to
note that it is not preferable to reduce this error too much. Precisely, reducing network errors to zero risks losing its

generalization capabilities [20], and finally, the neuron network would function as an interpolation function.

In the present study, our strategy is to train BP networks using the Bayesian Regularization algorithm associated with
an early-stopping criterion on validation data. The early-stopping criterion used is based on the reduction of mean squared
error (MSE) for a validation data set. Indeed, excellent results were obtained by stopping the network training when the
reduction of MSE between training iterations become marginal, thus preventing the network from over-fitting training

data.
3. Description of the bridge structure and the numerical modeling approach

A numerical model of a 1: 2.5 scaled viaduct (shown in Fig. 2), which was tested pseudo-dynamically in ELSA (JRC
Ispra [21], is performed with FEDEASLab [22]. Fig. 2 illustrates the shape sections of piers and the deck. The three
reinforced concrete piers of the bridge have a hollow rectangular section shape, whereas the deck is made of prestressed
concrete and presents a hollow ‘voussoirs’ shape. The (1:2.5) scale model has been tested pseudo-dynamically using the
sub-structuring technique in which the piers are physically tested and the deck, assumed to behave elastically, is integrated

numerically on-line [21].
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Fig. 2 Viaduct: plan view of the tested viaduct in Ispra, a) 1:2.5 Scaled R/C bridge: plan view of the tested R/C Bridge
ELSA, Ispra, Italy [21]. (b) Scheme of the piers, (¢) Scheme of the deck (dimensions in meters)

3.1 Finite Element Model

The multifiber modelling strategy is adopted to perform the numerical simulations. In a multifiber beam element (Euler
Bernoulli or Timoshenko), the section is discretized with steel fibers and concrete fibers. Each fiber is assigned with a

uniaxial material constitutive law (Fig. 3).

Piers are modeled with non-linear Timoshenko multifiber beam elements. The piers P1 and P3 are discretized into six
elements while nine elements are used for the pier P2 (Fig. 4). The mesh is refined at the base of the piers where damage is
expected to occur. Details of the fibers used in the section for the piers P1-P3 and P2 are given in Fig. 4. The behavior of
the prestressed concrete deck is assumed linear elastic and is discretized using linear beam elements. All sections of piers
are modeled with fibers. We use forty fibers for concrete, while one steel fiber is used for each reinforcement bar. As
illustrated in Fig. 4, a lumped mass model is adopted. The details of the rotational masses and inertia are given in Table 1.
The piers ends are supposed to be fixed. The numerical model is firstly validated without SSI. The numerical results are

compared with those given by the experimental tests. The SSI effect will be discussed later.



Table 1 Masses and rotational inertia.

MA MB MC MD
Mass (Kg) 27,5 32 34 13,75
Rotational inertia I (Kg.m?) 285 287 288 143
Rotational inertia I, (Kg.m?) 234 271 271 117
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elements and mulifiber cross section for each pier type.

Nonlinear behavior laws

Fig. 5 shows the stress-strain relationships of the constitutive models for concrete and steel. The uniaxial concrete

damage law developed by La Borderie [23] is used to reproduce the concrete behavior while the Menegoto and Pinto

model [24] is used to reproduce the non linear behavior of steel. Table 2 summarizes the different parameters for both

models.
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Fig. 5 Concrete and steel constitutive laws (Left) Uniaxial stress-strain relationship of Menegoto and Pinto model [24],

(Right) Uniaxial stress-strain response of La Borderie model [23]



Table 2 Material parameters for concrete and steel constitutive laws.

Concrete Parameters Steel Parameters
E 29.4 GPa By 1.0 E 200 GPa
v 0.175 B> 1.3 Iy 450 Mpa
Yo 1000 Pa b 0.5 MPa feu 710 Mpa
Yoo 0.0001 MPa B -19 MPa Esh 0.0060
A 7000 MPa'! of 3.0 MPa Esu 0.10
A 6.0 MPa’!

3.3 Model validation

For the non-linear time history analysis, the same seismic excitation used for the pseudo-dynamic test is used. The
latter, represented below in Fig. 6 (b), is a synthetic accelerogram compatible with the 5% damping design spectrum of EC

8 for soil class B [25], as shown in Fig. 6 (a).
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Fig. 6 Synthetic accelerogram compatible with the 5% damping design spectrum of Eurocode 8 for soil class B, (a)
Design Eurocode 8 spectrum for 5% damping and soil class B, (b) Synthetic accelerogram for the full-scale structure, (c)
Synthetic accelerogram for the scaled structure.

In order to respect the similitude laws, the ground motion acceleration will be amplified by an order of 2.5 unlike the
time scale which is to be divided by 2.5 (Fig. 6 (c)). Fig. 7 shows a comparison between the numerical structural response
and the experimental one. The comparison between modal frequencies obtained from the numerical model and those
obtained from experimental tests shows a good agreement (Table 3). However, some disagreements are observed for

higher modes.



Table 3 Numerical and experimental modal frequencies.

Mode of Vibration Numerical Experimental
[Hz] [Hz]
1 4.2 4.2
2 6.4 6.8
3 9.9 10.4
- 15.8 16.8

The time evolution of the transversal top displacements of piers P1, P3, and P2 are well reproduced. The displacement

peaks as well as the frequency content of the response shows good agreement with the experimental results.

0.06 T T T T T T T 0.08

T T T T T T T

0.05 |- Numerical

Experiment 1

Experiment | ]

Numerical

Disp [m]

Time (s) Time (s)

Fig. 7 Experimental (from pseudo-dynamic test [21]) Vs. numerical displacements (Left) Transversal top displacements

of piers P1 and P3 (Right) Transversal top displacements of P2.
4. Influence of the SSI and soil type on the structural response

As it has been outlined in the introduction, the nonlinear soil-foundation behavior affects the response of the structural
system. The interaction of the soil with the viaduct has been introduced by modelling the foundations with the macro-

element considering material and geometrical nonlinearities [16].

The macro-element used here, makes possible to model circular, rectangular or strip footing shape lying on a semi
infinite soil. The soil structure interaction is taken into account by considering the material non-linearities (soil plasticity)
and geometric non-linearities (uplift mechanism) under static and dynamic loadings. The behavior law is written in terms
of generalized variables (forces/moments Vs. displacements/rotations) (see Fig. 8 (a)). Non-linearities are supposed to be
condensed in a representative point: the centre of the foundation. Material nonlinearities are treated through the classical
theories of plasticity. The plastic kinematic variables are computed from a loading surface expressed in terms of

generalized variables using the normality rule. Isotropic and kinematic hardenings are taken into account.



Regarding the geometric non-linearity, the uplift phenomenon is represented by a unique state variable describing the
proportion of the surface of the uplifted footing & (Fig. 8 (b)). The plasticity theory is also chosen to describe the uplift
mechanism. The flow rule is found through geometrical considerations, assuming that the centre of rotation of the
foundation always stays in the middle of the non-uplifted segment. The mathematical description is detailed in [26].

Coupling of the different mechanisms is straight forward following the theory of multi-mechanisms [27,28]
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Fig. 8 (a) Generalized variables (forces and displacements) (b) Kinematics of a foundation for the uplift mechanism.
(adapted from [27])

In order to amplify the SSI influence, the dimension of the foundation was reduced from L=4.2m and B=2.1m to L=3.2

and B=1.6m.
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Fig. 9: Artificial generation of synthetic accelerogram corresponding to soil class C, (a) EC8 design spectra (soil class

C) for a 5% damping and synthetic accelerogram spectra, (b) synthetic accelerogram.

On the other hand, in the present section, the quantification of the influence of soil types on the non-linear response of
the viaduct model piers is assessed. For this purpose, the nonlinear structural response of the viaduct is performed for two

soil types (class B and class C). Previously, a seismic signal compatible with the response spectrum for a soil class B was

used.



Now, for soil class C, in order to avoid the ground motion parameters' effects on the non-linear dynamic response and
to keep the same frequency content of the seismic signal, we will artificially generate a second accelerogram for soil class
C from the first synthetic accelerogram (class B). The response spectrum of the generated accelerogram should be
compatible with the EC8 computing spectrum for the soil class C (see Fig. 9). The second accelerogram is generated using
the conditional generation approach of seismic signals compatible with a target response spectrum. This approach
implemented in the free software developed by M. Rachedi [29] makes it possible to preserve the frequency content of the

original signal while guaranteeing PGAs compatible with the soil profile.

The generated signal is represented in Fig. 9(b). A comparison between the response spectrum and that of EC8 (Soil
type C) is given in Fig. 9(a). Otherwise, in Fig. 10, a comparison is made between the artificial accelerograms for the two

soil types. The PGA for the new artificial seismic signal is 0.30g, a value little smaller than that of the original one.
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Fig. 10 Comparison between synthetic accelerograms compatible with B and C soil type design response spectrum of

EC8

Fig. 11 shows the comparison between the numerical temporal evolutions of the transversal top displacements of piers
for two soil classes. Despite the fact that the intensity of the seismic excitation (compatible with soil type C) is slightly
lower, the transversal top displacements considering a foundation with a soil class C are higher than those corresponding to
the foundation of a soil class B. Unquestionably, the non-linear dynamic behavior of the viaduct is completely modified
when taking into account the interaction between the foundations of the piers with the ground. Briefly, the influence of the

SSI must be considered when estimating the risk as it amplifies the displacements and internal forces of the bridge piers.
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5. Training and testing of ANN
5.1  Soil and ground motion parameters

In this investigation, a set of twelve parameters were used for artificial neuronal analysis: seven ground motion
characteristics, three parameters for soil characteristic (shear modulus, the average shear-wave velocity, and the load-

bearing capacity) and the remaining two parameters are related to the footing dimension.
The seven ground motion parameters are:

(1) PGA, Peak Ground Acceleration,

(i1) PGA/PGYV, Peak Ground Acceleration by Peak Ground Velocity,

(iii) Sa_1, 5% critical damping ratio Spectral acceleration at 1.0s natural periods.

(iv) Al (%), Arias intensity,

W) DF : Dominant Frequency

(vi) SI Spectral velocity response of a single degree of freedom oscillator with a natural period between 1 s and
2,5 s and a damping ratio of 20%:

(vii) ED: The Effective Duration of the earthquake.

Riddell [30] demonstrates a good correlation between those ground motion characteristics and the inelastic structural

response.

Table 4 Earthquakes parameters used in numerical simulations.

Earthquakes PGA PGV Al Sa_1 DF ED SI
(2 (cms) (m/s) (m/s?) (Hz) (s) (m/s)
Elcentro (USA 1940) 0,21 48,8 1,29 2,77 2,14 24,5 0,48
Kaecli (Turquie 1999) 0,35 62,5 1,30 3,75 0,29 12,9 0,73
Northridge (USA 1994) 0,57 52,0 2,77 5,18 1,25 8,9 0,76
Loma prieta (USA 1989) 0,37 33,0 1,19 2,96 2,47 10,9 0,50
Imperial Valey (USA 1979) 0,31 29,7 1,70 4,79 1,46 24,1 0,53

Boumerdas (Algeria 2003) 0,55 27,5 1,84 2,29 3,30 10,6 0,45




In order to perform the learning process by ANN, we build the dataset by varying the seismic excitation, the soil class
and the foundation dimension. During the FEM analysis, six ground motion accelerations will be scaled to impose seismic
excitation with a PGA varying from 0.1 to 1.0 g while preserving other seismic characteristics such as the frequency
content or the duration of the recording. These characteristics are listed in Table 4. Three different soil types (B, C, and D)
have been adopted. Table 5 indicates the different parameters of each soil class (G, V3o and qmax). According to EC8, the

site should be classified according to the value of the average shear wave velocity Vsso.

Table 5 Soil Class Characteristics

Class B Class C Class D
G (Mpa) 246 45 19
Vs (m/s) 360 180 100
Jmax (Mpa) 4.13 1.43 0.400

5.2 Assessment of the predictive power of ANNs

From the transient nonlinear analysis performed above, a dataset was obtained with a structural response. This dataset
was randomly divided into 80% for training, 10 % for testing and 10 % for validation. The configuration of all neural
networks depends a lot on the selection of initial weights. That’s why several ANNs with different numbers of HL neurons

were investigated. Fifty networks were trained, varying the amount of HL neurons in order to find the optimum

configuration.
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Fig. 12 MSE produced by trained ANNs, (a) MSE produced by trained ANNs against the different numbers of HL

neurons, (b) MSE provided by 16 HLs ANN against the different number of epochs.



The mean squared error (MES) is chosen to evaluate the performance of the ANN training. The measured MSE of the
trained neural network gives an idea about the network performance, especially after the application of data to other
untrained cases. The lowest MSE obtained for each of the 50 trained networks is shown in (Fig. 12 (a)). We can note the
excellent performance over a range of all ANN configurations. However, the network with 16 HL neurons offers the
smallest MSE error. Another prospecting is conducted for the adopted network. Indeed, we need to determine the optimal
number of the epoch during neural network training. Therefore, we build several networks by varying the number of
epochs, and the MSE is measured for each trained network for the sake of determining the optimal period. By plotting
MSE against the number of epochs (Fig. 12 (b)), we can notice that the higher number of epochs is not necessarily the best

choice. Fig. 12 (b) showed clearly that 600 epochs can be enough to obtain the lowest MSE.
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Fig. 13 FEM output displacements vs. ANN predicted displacements (a) all data set R=0.99, (b) test data set R=0.99

In order to assess the predictive power of the ANN, the predicted response by ANN would be equal to the value
obtained from FEM analysis. The plot in Fig. 13 gives the transversal top displacements of pier 2 (the critical one)
obtained from FEM analysis vs. the ANN predicted ones for the testing data and all data. Most of the results sit on the

straight diagonal reference line showing a highly predictive power of the trained ANN possesses.

5.3 Assessment of generalization capabilities of ANNs

In order to assess the generalization capability of our trained ANN, the displacement response of the bridge (transversal

top displacements of pier 2) for both unseen soil characteristics and unseen foundation dimensions are predicted.



Concerning seismic excitation, the characteristics of the previous earthquake events, already used during learning, have
been used. Fig. 14 shows the predicted displacement from ANN vs. FEM-based value. Obviously, the results show that the

ANN is able to predict the structural response for generalized cases (unseen soil characteristics ....).
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Fig. 14 Comparison of unseen displacement responses predicted by FEM and ANN.

6. FRAGILITY CURVES

As mentioned in the introduction, the objective of the present paper is to establish fragility curves of the bridge
described above. The Monte Carlo simulation method is considered as the most efficient analytical method to establish
"exact" fragility curves, yet a large number of simulations are still required [1]. In this case, the seismic fragility of a
structure is defined as the conditional probability of failure for a corresponding intensity of ground motion. The evaluation
of the probability of failure for each level of the ground motion intensity allows obtaining, at the end of the process, all the
points of the fragility curve Fr (a) defined by the following equation:

Y1[G(Z) < 0|4 = a] (5)
NSa

F.(a) =P[G(Z) <0]A = a] =

The indicator function 1 [...] is a function which is equal to 1 if there is a failure, 0 otherwise. Therefore, Y, 1[G (Z) <
0]|A = a] is actually the number of intensity earthquakes causing failure. N, is the number of ground motion used with the
same seismic intensity PGA equal to “a.” Consequently, the quality of the approximation done by the Monte Carlo

simulation method is so much more improved as the number of ground motion is higher.

Equation 6 describes the log-normal cumulative law model, a statistical model frequently used to represent fragility
curves. In this model, the probability of exceeding a state of damage or failure is defined by two parameters of the

cumulative probability function (Am, B):



ln(ﬁ) (6)

F.(a) =@ 5

Where @ is the probability distribution function of the reduced normal centred law, Ay is the median and f is the

standard deviation of the natural logarithm of the seismic intensity A.

Table 6 Structural damage category definition.

Structural Performance Levels Damage States Damage Index (Drift)

Collapse Prevention

(CP) Extensive cracking 4%
Lifﬁéﬁ?{ ety Extensive damage 2%
Immediate Occupancy Minor hairline cracking 1%
(10)
Fully (?lg)(e)r)ational No damage <0,5%

Finally, data are fitted using a log-normal cumulative distribution function and the fragility curves are established for
our studied case for various damage states according to Table 6 [31]. Fig. 15 depicts the comparative plots of fragility
curves derived as a function of PGA for SSI models considering three scenarios of foundation soil class (B, C and D). A
significant increase in fragility is observed for the SSI models founded on soft soils (D) compared with other soils (B and

C). That could be attributed to the amplification due to SSI effect. Thus, higher drift demands increase fragility estimates.

For a PGA value around 1g, the initial probability of the life safety (LF) limit states increased from 30% considering
soil B condition to 90 % for soil of class D. In addition, the model considering soil class B or C never achieved the
complete damage state for the maximum intensity (PGA = 1g), while the model with SSI considering soil class D does
accomplish this state. Thus, the soil properties and SSI may play a crucial role in the expected structural damage, as it is

expressed in terms of the maximum drift ratio, and therefore they should not be neglected for seismic risk assessment.
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Fig. 15 Fragility curves (a) Fully Operational (FO), (b) Immediate Occupancy (IO), (c) Life Safety (LF), d) Collapse
Prevention (CP)

7. Conclusions

The computational effort involved in Monte Carlo simulation-based methodology for obtaining fragility curves
considering numerous parameters is excessive and time-consuming. This paper proposed an application of Neural
Networks to assess the seismic risk of a viaduct (pseudo-dynamically tested in ELSA (JRC Ispra)) considering the random
variability of three distinct parameters which are seismic intensity levels, Soil-Structure Interaction, and different classes

of soil.

The trained Back-Propagation Neural Network is successfully applied to predict the viaduct structural response. The
generalization capabilities performance of the ANN was assessed using unseen cases. Finally, based on the ANN predicted

results, fragility curves were established for a structural limit state (failure index) considering three classes of soil. It has



been demonstrated that the use of ANN for the numerical generation of fragility curves could be very effective both in
terms of time and accuracy. Across all fragility curves, it was shown that SSI has the potential to severely increase the
exceedance probability of damage states. However, more numerical investigations are needed to explore the performance

of the proposed approach for other structural and foundation systems.
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