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Abstract: Multi-layer neural networks have been used in this paper for modeling nonlinear behaviour
of an embankment dam under earthquake excitations. In this study Bakun dam which is the second
tallest Concrete-Faced Rockfill Dam (CFRD) in the world and located in east Malaysia has been
modelled by the proposed algorithm. First the Bakun dam has been numerically analyzed for it’s
nonlinear behaviour under earthquake excitation to generate numerical data to be used in the training
of the neural networks. To this end the dam has been subjected to a Local synthetic excitation so
that the generated data could be rich enough for the training of a general neuro-modeller of the dam
response. The neuro-modeller has then been trained on the generated data to learn the hysteretic
behaviour of the dam implicitly. Then the neural network has been tested on a number of
earthquakes including very strong earthquakes for verification. The results obtained in this study
prove that the method has been successful regarding the generalization capabilities of the trained
neuro-modeller where other earthquakes than those used in its training have been used in its testing.
One significant benefit of using this algorithm is in cases where it is desired to use collected data
from tests on experimental models or through monitoring of the response of a dam to prepare a
suitable model for predicting its response under any earthquake. The main benefit is the time of
analysis which can be reduced by this method. Once the neuro-modeller is trained, it can predict
the response of the dam to any earthquake without the need to be updated. In the NL-FEA soilstructure interaction and fluid-structure interaction have been included to improve the accuracy of
the numerical data for training the neural system.
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INTRODUCTION
An earthquake is produced by the sudden rupture or slip of a geological fault. Faults occur at the
intersection of two segments of the earth’s crust. Peninsula Malaysia lies in the Eurasian Plate and also
within the Indian-Australian Plate. Geologically, small faults also exist in East Malaysia. Records have shown
that we do sometimes experiences some off-set tremors originating from the Indonesian zone. Thus there is
a need for some seismic checking to be incorporated in the design process so that the structures would be
resistant to earthquake. These days, the seismic verification of structures has dramatically evolved. Malaysia
is surrounded by countries such as Indonesia and Philippine that has experienced many great earthquakes;
hence it would be unwise to totally ignore the effects of earthquakes on structures in Malaysia. (Adnan. A.
et al., 2005; Adnan. A. et al., 2002).
In the recent years, the issues of seismic safety of dams have become a major concern in the planning
and designing of new dams proposed to be built and for safety evaluation of existing dams in seismic
regions. Prediction of the performance of the dams during earthquakes is one of the most challenging and
complex problems found in the field of structural dynamics (Tezcan., 1999).
The behaviour of CFRDs subject to earthquakes is complicated because dams might experience cracking
at places where the induced tensile stresses are higher than the tensile strength of concrete. Cracking and also
material nonlinearity results in nonlinear behaviour which is hysteretic too. The nonlinear hysteretic response
of CFRDs can be modelled using any of the commercially available finite element analysis softwares or
especial computer programs which have been developed for the modeling of this type of dams. Nonlinear
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analysis by conventional methods is time consuming though very helpful. Also when it is desired to provide
a precise numerical model for the nonlinear behaviour of a dam, it is necessary to identify the parameters
of the material. To this end, it is required to collect data on the real response of the dam and then try to
determine the parameters of the material to be used in the computer programs, so that the simulated response
to be as close to the observed response as possible. The material model obtained from the identification is
often approximate and hence the analysis based on the model will not be precise either. Noticing neural
networks have been successful in many other applications in modeling materials with high nonlinearity and
hysteresis (A. Joghataie et al., 2007; M. Farrokh et al., 2007; H. S. Shin et al., 2007; R. Haj-Ali et al.,
2001; S. F. Masri et al., 2000; G. W. Ellis et al., 1995; J. Ghaboussi et al., 1991), it is expected that they
could be helpful for modeling the nonlinear response of CFRDs too.
There are many observation data of points located on the surface and within a dam structure. Statistical
methods are often employed to model the data and then to describe the deformation patterns (Nianwu Deng
et al., 2008). Due to the multi-collinearity among the variables, some variables or factors are often excluded
in the modeling so that the regression effectiveness is dramatically influenced. Recently, due to many
attractive features and promising performance, neural networks (NNs) emerge as an alternative regression tool
and have been increasingly introduced in the field of dam displacement processing. (Li Xuehong et al., 2001;
Li Jinfeng et al., 2007; Zhao Erfeng et al., 2009)
Importance of the Study:
There are many reasons for Malaysia to worry about earthquake. New revelations indicate Malaysia is
moving closer towards the rumble zone. Malaysia is inching closer to rumble zones and will not be immune
to earthquake forever. Year after year, neighboring tectonic plates inch towards from all directions and on
mounting because the Australian, Eurasian and Philippine plates around Malaysia are moving. Recent research
indicated that Peninsular Malaysia does lie on faults but have been known to be non-active faults. Malaysia
is located in low seismic activity area but the active earthquake fault line through the centre of Sumatera just
lies 350 km from peninsular (Adnan. A. et al., 2005).
Sabah, which experienced the highest earthquake magnitude recoded with 4.8 Richter in the last century
occurred about 90 KM from Miri, Sarawak have cause several building crack. The plates are moving closer
toward and shift a few centimeters was recorded after the incidents have been reported (Adnan. A. et al.,
2002).

Fig. 1: Historical earthquakes around Peninsular Malaysia (Mω < 5) (Adnan. A. et al., 2005).
Case Study:
In this study, the nonlinear response of the crest and mid-height of Bakun dam under a local earthquake
excitation has been modeled numerically. Malaysia undertakes to construct one of the largest CRFD dams
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in the world; the Bakun dam (see Fig. 2 for the geographical location). The dam, which is the largest in
Southeast Asia, is 207m high with an installed capacity of 2400 Mega Watt (MW), and a lifespan of 500
years. The impoundment of the dam will inundate 69, 640 ha of forest ecosystem, an area larger than the
size of Singapore. The project is estimated to cost RM6 billion ($1US=RM3.4, RM=Ringgit Malaysia).

Fig. 2: The geographical location & Upstream-Downstream view of Bakun Dam.
1. Non-linear Finite Element Analysis of Bakun Dam:
Figure 3 shows the finite element mesh used in numerical modeling of the dam. The dam was subjected
to different ground excitations which included a local synthetic, Kobe and El Centro earthquakes. Response
of the dam crest and mid-height consisting of the time history of its acceleration, velocity and displacement
was recorded throughout the time.

Fig. 3: Finite Element model of Bakun dam.
Figures 4 and 5 show the time history and Fourier Amplitude Spectra of the local synthetic earthquake
used in the training of neuro-modeller.

Fig. 4: Time History at Surface (Rapid KL).
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Fig. 5: Fourier Amplitude Spectra Upstream-Downstream.
a. Boundary Conditions:
It is a common practice that the upstream/downstream and bottom boundaries of the model should be
at least equal to H and 2H respectively, where H is the Height of the dam. The models were simulated by
applying both gravity load for the whole models and the hydrodynamic water pressure to the upstream. The
pressure from the hydrodynamic load was applied along the surface upstream slope of the dams. For the
modeling purpose the reservoir assumed to be fully filled by water. The upstream and downstream boundaries
was restrained from horizontal movement but allowed to move in vertical direction. The bottom boundary
was restrained from vertical movement but allowed to move in horizontal direction. In earthquake analysis,
acceleration boundary conditions were introduced to all boundary nodes. In order to limit the model to a
realistic size that would be within the commuting power of a standard analysis machine, the FE meshes were
optimized.
Dynamic Analysis:
The finite element method is adopted for dynamic analysis of Bakun dam. The finite element equation
of dynamic response of one system can be expressed as:
(1)
Where, [M], [C] and [K] are matrixes for mass, damping and stiffness; [F] is load vertex; { }, { }
and {α}are vectors of acceleration, velocity and displacement of nodes. The undrained effective stress method
is used for dynamic analysis, namely, assuming pore pressure can hardly be drained under transient
earthquake, therefore cannot lead to pervasion and dissipation of pore pressure.
The equivalent linear modal is:
(2)
Where, Gmax is maximum dynamic shear modulus (under period dynamic force); k and n are constants;
is initial mean effective normal stress.
Under assuming undrained condition, the total time duration is divided into several subset of time in
calculation. The maximum dynamic shear modulus can be deduced by Equation (2), thus the earthquake
analysis is an analysis of approximate effective stress.
Constitutive Models:
1. Clough– Duncan Model:
The Clough–Duncan model (Clough GW. et al., 1997) is often used for the soil–structure interface. This
model only describes the tangential stress–displacement relationship as follows:
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(3)
Where τ is shear stress and u is tangential displacement of the interface, respectively. The tangential
stiffness, kst, is described using the following equation:
(4)
Where k0, n, Rf and φ are model parameters.
2. Modified Ideal Model:
The modified ideal Elasto-plasticity model has a different formulation on the tangential stiffness, as
shown in the following equation, with considering the effect of normal stress:

(5)
Where G’, n and φ are model parameters. For this study we have implemented Clough-Duncan model
in our FEM.
Hydrodynamic Pressure of Water on Dam’s Upstream:
Hydrodynamic pressures on the vertical upstream face of straight dams during horizontal earthquakes were
studied previously (Westergard, H.M., 1993), and an analytical solution was obtained. Assuming that water
is incompressible, an approximation can be made to reduce Westergaad’s mathematical formulation to the
Laplace equation.
(6)
(7)
(8)
Where:
p : Hydrodynamic pressure during earthquake (kg/m2)
m :
Equivalent mass of water storage
C :
Ratio between seismic acceleration and gravitational acceleration
w :
Density of water (kg/m3)
H :
Depth of stored water (m)
y :
Distance of cross section from dam crest (m).
According to this formula the hydrodynamic pressure at the bottom is a 7/8C time the hydrostatic
pressure. Although this formula has some inadequacies still, it is being widely used because of its simplicity
and convenience.
The effect of the reservoir water has been taken into account by solving the wave equation:
(9)
Where p is the water pressure and c is the wave speed. All the analysis has been carried out in the
frequency domain.
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(10)
Where ω is the considered frequency, G and H the mass and stiffness matrices of the fluid respectively,
and S the fluid structure coupling matrix. The variables P1 denote the pressures of the nodes in the contact
fluid-structure region and P2 the rest of the fluid nodal pressures.
Nonlinear Material Modeling:
In this study we have used Modified Drucker-Prager Cap Model. The model is assumed to be isotropic
and its yield surface includes three segments: a shear failure surface, providing dominantly shearing flow,
a “cap,” providing an inelastic hardening mechanism to represent plastic compaction, and a transition region
between these segments, introduced to provide a smooth surface purely for facilitating the numerical
implementation. Figure 6 shows a typical Drucker-Prager Cap model.

Fig. 6: Drucker-Prager Cap model: yield surface in the p - q plane (Han. L.H. et al., 2008).
Elastic parameters, the bulk modulus, K, and shear modulus, G, were expressed as functions of the
relative density and stress level, rather than constants. Figure 6 shows a schematic representation of a densitydependent DPC model, where ρ is the relative density of the compact. Because of the axisymmetry, only one
quarter of the full 3D yield surface is plotted in the principal stress space, as shown in Figure 7.(a); the
symmetry axis is σ1 = σ2 = σ3 in which σ1, σ2 and σ3 are the principal stresses. (Han. L.H. et al., 2008).

Fig. 7:

Schematics of a density-dependent Drucker-Prager Cap model: (a) 3D yield surfaces in principal
stress space (1/4 model); (b) 2D representation. (Han. L.H. et al., 2008).
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Non-linear Inelastic Behaviour of Soil:
Soils under large strains exhibit a complex and highly nonlinear behaviour, which may affect substantially
the seismic behaviour of embankment dams. In current seismic evaluations, satisfactory seismic performance
means that the anticipated permanent deformations for the design earthquake remain within certain acceptable
limits (Marcuson III et al., 1992). Thus, whenever the factor of safety is low, a more detailed analyses may
be warranted to ensure that the anticipated permanent deformation is acceptable. Despite significant progress,
prediction of realistic permanent deformations for the design earthquake is still an unresolved problem. Over
the last three decades, the most common approach to computing rough estimates of permanent deformations
has been Newmark’s sliding-blick concept (Makdisi et al., 1978; Marcuson III et al., 1992). This simplified
procedure assumes that all permanent deformation occurs only along the slip surface and that the computation
of the dam response and the slip can be performed in two uncoupled steps. Notwithstanding the usefulness
of the sliding-block method in offering an index of potential deformation for preliminary evaluation, it cannot
provide the actual permanent deformation patterns required in detailed seismic evaluations (L.W.D. Finn et
al., 1995). A recent coupled single-step approach offers a significant improvement of the method (G. Gazetas
et al., 1994).
A more rigorous treatment of soil inelastic behaviour under cyclic load is through elasto-plastic
constitutive models based on kinematic hardening (Elgamal et al., 1987; Elgamal et al., 1992; J. H. Prevost
et al., 1985; D. V. Grifiths et al., 1988). In this, a hardening law expresses the change of the plastic modulus
by using multi-yield or boundary surface theory. The method has been extended considering the soil as a
two-phase medium with fully coupled soil skeleton and pore-water pressure developing in the saturated
portion of the dam (A. Yiangos et al., 1991). Such elasto-plastic constitutive models in coupled formulations
require substantial computation times (L. W. D. Finn et al., 1995; G. Gazetas et al., 1992).
Architecture of the Proposed Neuro-modeller:
Multilayer neural networks which are sometimes referred to as perceptrons are simple models of several
connected neurons similar to what is seen in the natural neural networks of animals. The main objective of
building these artificial models of brain has been to design systems which can show some learning
capabilities like the natural brain. A simple model of perceptrons can be seen in Figure 8. The network is
generally comprised of an input, an output and one or more inside layers of neurons. The neurons are
connected in a feed-forward manner, i.e. the neurons in each layer are connected to the neurons in its
immediate previous and next layers. Mainly the connections of a neural network are the adaptive adjustable
parts of it. Each neuron is a processing unit. Given an input vector to its input layer, the input signals
propagate forward inside the neural network until it reaches the output layer. The vector of signals which
appears in the output layer is considered as the output vector of the neural network, associated with the given
input. The training of a neural network is the procedure of gradual modification of the connection weights
until the output from a given input vector is close to the desirable target output vector. When it is desired
to build a neural network to learn an ordered set of many input-output vectors, the training and learning
procedure can be very complicated and might even diverge or converge to a set of connection weights for
which the neural network cannot produce desirable predictions, in which case the modeling fails. The training
of the neural networks on data representing nonlinear behaviour of materials and systems, like the problem
of this paper, is generally challenging (S.F. Masri et al., 2000; G.W. Ellis et al., 1995; J. Ghaboussi et al.,
1991).
In which
XPI :
XPK
P :
L :
l
:
N :
Q :
M :
XLIJ :
Si,Pj :
Fij :
yI,Pi :

the parameters have the following meaning:
Input network i, from pattern p;
:
Desired target at processing element k, from pattern p;
Number of patterns;
Output layer;
Hidden layer;
Number of inputs in input layer;
Number of processing elements in the hidden layer;
Number of processing elements in the output layer;
Synoptic weight between input network i from layer l !1 at processing element j from layer l;
Activation value at processing element j from layer l, from pattern p;
Activation function at processing element j from layer l;
Output unit i, from layer l, from pattern p;
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The set of patterns can be written as follows:
(11)

Fig. 8: Multilayer Perceptron neural network architectures.
The output values at the processing element k, in layer l, yi,PK , can be the input of the immediately
following layers and can be expressed as follows.
=
(12)
For the neural network adopted, the calculation of the activation value Si,Pj , was defined as.
(13)
The activation function adopted was the hyperbolic tangent to the hidden layer. For the output layers
linear functions were adopted. The cost function considered, C, was defined by the mean square error, as
shown in (14).
(14)
The updating of the weights, in each iteration, was made for the output layer as shown in [15] and for
the hidden layer as shown in (16).
(15)
(16)
The period covered is separated in two data sets, as Figure 9 shows. The first set, designated as learning
set {t0,t1}, allows the model to learn the behaviour in this time. The second set, designated as predicting set
{t2,t3}, is used with the resultant model of the learning set to estimate the dam behaviour in a prediction
context.
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Fig. 9: Learning and prediction sets.
The cross validation was the stopping criteria used to obtain a good configuration for the number of
processing elements of the hidden layer. For this, a randomization of the learning set was previously done,
which made it possible to define the training set, the cross validation set and the test set, with a number of
examples equal to 70%, 15% and 15% of the learning set, respectively.
Once the inputs and the outputs are defined, the neural network is trained with a small number of
processing elements in the hidden layers and the performance of the training set and of the cross validation
set is determined. Then, the procedure is repeated with one more processing unit in the hidden layers and
the performance is again calculated. After a large number of processing elements, the best neural network
is chosen.
In each iteration, the performance for the training set can be better, but if at any time the error for the
crossed validation set starts to increase, the neural network may lose its generalization capacity (Figure 10),
being likely to being adjusting itself in excess to the training set rather than to the domain. The training stops
at this point of inversion of the error, a better generalization being thus ensured. The test set is used as an
auxiliary element that makes it possible to carry out a last evaluation of the quality of the neural network
(Li Xuehong et al., 2001; Kelly E Fish et al., 2004).

Fig. 10: Cross Validation Criteria.
Each random initialization of the weights can lead to a different local minimum. Therefore, five
initializations were established for each neural network.
The parameters used in the performance evaluation of the neural networks are defined as follow:
Mean squared error to the neural network
(17)
Mean squared error to the output k
(18)
Normalized mean squared error to the output k

(19)
Mean absolute error to the output k
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(20)
Minimum absolute error to the output k
(21)
Maximum absolute error to the output k
(22)
Linear correlation coefficient to the output k

(23)
Legend:
P
:
Number of patterns in the data set;
M :
Number of output processing elements;
:

Output unit for pattern p at processing element k;

:

Desired target for pattern p at processing element k;

:

Average of output unit at processing element k;

:

Average of target value at processing element k.

The parameters presented can be easily interpreted. The value of the mean squared error, MSEk , can be
used to determine the quality of the adjustment of the processing element to the observed values, but does
not indicate necessarily if the observed values and the predicted values of the neural network model have
the same direction. The coefficient of correlation, rk , helps to solve this problem.
The correlation belongs to the interval [!1,1] , r = 1 means a perfect positive linear correlation between
y and d. This means that they vary in the same quantity. If r = !1, then, the negative linear correlation is
perfect and varies in opposing form (when y increases, d decreases in the same quantity). Finally, if r = 0,
there is no correlation between y and d and the correlation is null.
1. Training the Neuro-modeller for Bakun Dam:
The creation of Multilayer Perceptron neural networks should be the simplest as possible in terms of
number of processing elements in the hidden layers and the number of inputs in order to obtain a better
generalization capacity. The inputs considered should be those having a significant influence on the output,
by reducing the information that is not good and that could be a factor of disturbance in the learning of the
neural network.
Determination of the optimal number of hidden layers and nodes in them is an important factor, which
affects the performance of the trained network (Nitin Muttil et al., 2006). As there is no effective approach
which can be used to determine the number of nodes in the hidden layer, it has therefore to be estimated
by a series of trial and error. According the empirical formula in (Chen Xi et al., 2008), the number of
hidden layers and nodes can be determined (Li Jinfeng et al., 2007; Zhao Erfeng et al., 2009; R HechtNielsen, 1990; Kelly E Fish et al., 2004; Miller G F et al., 1989; S A Harp et al., 1992; Maniezzo V, 1994;
Weng Jingjun, 2006; A Johari et al., 2006; Enrique Alba et al., 2004). In this study, a trial and error
procedure was carried out by gradually varying the number of nodes in the hidden layers from 3 to 12. In
this procedure, the optimal number was found to be 9 in the first hidden layer and 4 in the second one, and
the output layer of the networks contained two neurons, which are the dam’s crest and mid-height
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displacements in the time domain that should to be predicted, so the final architecture of BP network is BP
(6, 9, 4, 2).
After a number of trial and errors, the optimum architecture of the neuro-modeller was obtained as in
Figure 11, where the input and output layers consists of the history of response and excitation. In this figure
S11i = Maximum absolute stress in 1st major direction, S22i = Maximum absolute stress in 2nd major
direction, S12i=Combination of maximum absolute stress in 1st and 2nd major directions, Ai = Maximum crest
acceleration in horizontal direction, A'i = Maximum mid-height acceleration in horizontal direction, Di =
Maximum Crest Displacement in horizontal direction and D'i = Maximum mid-height Displacement in
horizontal direction. (All these values are for the first 10 seconds of excitation).
The neuro-modeller was trained on the data collected from the NL-FEA of Bakun dam under local
synthetic excitation. Different techniques for training have been explained and used in many references and
studies such as (Chaturvedi et al., 2008). Since the training techniques used in this study were combinations
of different older basic techniques, because of space limitations, their explanation are not included here. The
training was stopped when the mean square error reached 9E-5.

Fig. 11: Proposed Neural Network Architecture for Bakun Dam.
RESULTS AND DISCUSSIONS
A comparison between the target and predicted response when the dam was subjected to the Rapid-Kl
synthetic earthquake used in the training by the neuro-modeller is made in Figure 12 which shows the crest
and mid-height displacements for this synthetic excitation with scaled PGA from 0.025g to 1.5g with 0.025g
step. Figures 13 and 14 show the comparison which is done for the first 10 seconds of excitation between
NL-FEA and ANN with scaled PGA=1.0g for the Bakun dam’s crest and mid-height displacements. The mean
square error during the training procedure is also calculated in terms of Pearson coefficient for each output.
Testing Generalization Capabilities of Neuro- Modeller:
After its successful training, the neuro-modeller was tested on some of the earthquakes including Kobe
and El Centro, where predictions by the emulator has been compared with the target values. The results
corresponding to the above mentioned earthquakes are plotted in Figures 15 and 16. As can be seen the
predictions by the neuro-modeller are very well representing the response of the dam crest and mid-height.
Conclusions and Recommendations:
After identification of the main inputs and outputs for the neural network model and after establishing
the methodologies for the learning and generalization procedures, the Multilayer Perceptron neural networks
may become a new useful tool in support to the safety control of CFRDs. Despite the good results presented
for the horizontal displacements, it is not dispensable to carry out a global evaluation of the structure safety
on the basis of a comprehensive analysis of the various observed parameters. The neuro-modeller could
predict with high precision the response of Bakun dam crest and mid-height under several testing earthquakes.
It could make predictions about the crest and mid-height displacements throughout the time of excitation.
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Fig. 12: ANN Predictions vs. Non-Linear FEA results in terms of scaled synthetic excitations for Bakun dam
(a) Crest Disp. (b) Mid-Height Disp.

Fig. 13: ANN Predictions vs. Non-Linear FEA results for Crest Disp. (Rapid-KL; PGA=1.0g).
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Fig. 14: ANN Predictions vs. Non-Linear FEA results for Mid-height Disp. (Rapid-KL; PGA=1.0g).

Fig. 15: ANN Predictions vs. Non-Linear FEA results for Crest Disp. (El Centro).

Fig. 16: ANN Predictions vs. Non-Linear FEA results for Crest Disp. (Kobe).
One of the benefits of this approach is that once the neuro-modeller is trained, it can be used in the
analysis directly to replace the integration methods and thus can significantly reduce the time required for
analysis. However the method requires a considerable time for the training of the neuro-modeller. The
Multilayer Perceptron neural networks can be advantageously used to model the structural behaviour of crest
displacements because; they present a flexible way to extract the most relevant characteristics of the analyzed
quantity. Hence it can be concluded that ANNs perform better compared to traditional Multiple Regression
and other classes of statistical modeling. ANNs are more flexible, hence more suitable for prediction, more
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accurate and the results could be replicated. Nevertheless, it is always wise carry out the safety evaluation
simultaneously with other models rather than with just one model.
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