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Artificial intelligence techniques were applied to the preliminary design of rubble mound breakwaters. Wave
parameters ofAlanya region (significant wave height, period and direction) were simultaneously predicted by using
feed forward and recurrent neural networks. Artificial intelligence technique of feed forward neural network was
applied to the stability and reliability analyses of Mersin yacht harbor main breakwater, as a case study. In predicting
wave parameters, neural networks can obtain a better performance than stochastic models and recurrent neural
networks were appropriate for multi step predictions.A“design artificial neural network” which uses Van der Meer's
hydraulic model test data, was developed for the preliminary design of rubble mound coastal structures and it was
verified for the design applications. In the reliability-based design, more reliable results can be obtained for the
optimum global solutions by using artificial intelligence, when compared to the second-order methods. Artificial
intelligence techniques can handle more accurately the uncertainties inherent in the design of rubble mound
breakwaters; hence the need of complex models generally used for the reliability-based design has been
significantly decreased.
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ABSTRACT

Reliability Analysis of Rubble Mound Breakwaters by Neural Network Model

C. E. Balas† and M.L. Koc ‡

INTRODUCTION

Conventional design practice for coastal structures is
deterministic in nature and is based upon the concept of design
load and safety margin without considering the uncertainties
inherent in design parameters. The safety margin is the
difference between the design value of the system carrying
capacity and the design value of the action. However in this
approach, it is neither possible to optimize, nor to avoid over-
design of a structure. In the structural design of breakwaters,
two methods have been widely applied in European countries.
The first method is the First Order Mean Value Approach
(FMA) (B and S , 1998) and the second one
is the Hasofer-Lind second order reliability (HL) index. The
partial coefficient system utilizes the former and the latter has
been employed to compare risk levels of rubble mound and
vertical wall structures. G and T (2000) suggested a
reliability design criteria in which the Monte Carlo simulation
of expected sliding distance was carried out for caisson
breakwaters.

A neural network is a non-linear computing system, which
consists of a large number of interconnected processing units
(neurons) and simulates the human brain learning. In recent
years neuronets have been successfully used in coastal
engineering, such as in time series processing, tidal level
forecasting, pattern classification, wave data assessment and
failure function approximation.

D (2002) determined the directional spreading
parameter by using a neural network model, which was highly
correlated with a variety of characteristic wave parameters,
such as the significant wave height and associated zero-cross
period. It was found that neural network is a much more
accurate technique than the conventional approaches. D and
K (2000) utilized a feed-forward neural network to
predict weekly mean significant wave heights from their
monthly mean observations by using different training
algorithms, such as back propagation, conjugate gradient and
cascade correlation, and the superiority of neural networks was
noted when the estimations were compared with corresponding
observations.

D and N (1999) used neural networks in order to
forecast significant wave heights at an offshore site with time
intervals varying from three hours to one day (prediction of the

next three hourly H from the current three-hourly H ,

estimation of the next day average H from the current day

average H , prediction of the next six-hourly H from the current

six- hourly H , prediction of the next three-hourly H + next to

next three-hourly H from the current three-hourly H ). Results

were compared with the statistical AR models and the neural
networks exhibited higher co-variation of the wave height
predictions with their actual observations than theAR models.

M and K (1999) used a feed-forward three-layered
neural network to predict the action of impact wave force on the
upright section of a composite breakwater. Finally, M
(1995) investigated the applicability of the neural network to
analyze model test data of the stability of rubble mound
breakwaters. In their study, a three-layered neural network
predicted the damage levels that were well agreed with the
measurements. Satisfactory agreement between the predicted
stability numbers by the neural network and the measured ones
was also obtained.

Neural networks are simplified models of the human brain.
Signals in biological neural networks are transmitted between
neurons by chemicals, called neurotransmitters that are released
at the terminus of the axon of one neuron cross the synaptic gap,
and then bind to receptors in the postsynaptic membrane of a
dendrite of another neuron where they cause an electrical signal
(Figure 1).

Recurrent neural network is a dynamic system capable of
learning time series. The Elman neural network (ENN) is a
recurrent neurenet based upon partial feedback (E , 1990)
between the hidden and context layers (Figure 2). In the
supervised learning algorithms, one of the problems that occur
during the training phase is the poor generalization called over-
fitting. The network may memorize the training data when the
learning process is excessively repeated. Therefore, the “early
stopping method” was applied to improve the generalization of
networks, in which the available data was divided into training,
validation and testing subsets, and the training stage was
completed as the validation error rate started to increase (B

, 2003). In the reliability design, neural networks are used
as models for limit state functions. The limit state function
consists of random load and strength variables designated by
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the

primary variable vector u in the normalized space. The
functional form of the basic variables at the limit state is the
performance function denoted by g(u). The structure safety can
be assured by designating an admissible probability of
achieving the limit state defined by g(u)=0 (W , ,
1998). Geometrically, the limit state equation is the failure

surface, which separates the failure region (g 0) from the safe
region (g>0). The serviceability limit-state was implemented
for the safety evaluations, since the exceedance of the design
damage level may not result in complete breakdown of the
structure, but may cause an interruption in the achievement of
its functions (B and E , 2000).
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Reliability of rubble mound breakwaters is evaluated by
employing the limit state equations generated from

failure functions of plunging and surging, respectively
(1988):

where: g : limit state functions; Y : stochastic variables

signifying the uncertainty of the equations, lumped on the
resistance component of the failure function. The mean value
of Y is 6.2 in Van der Meer equations for plunging waves, and

for surging waves the mean value of Y is 1. H : design

significant wave height at the toe of the structure; : structure
front face slope angle; L : deep water wave length, i.e.

L =a T /2 ; a : gravitational acceleration ; T : average wave

period; D : nominal diameter of armor unit D = (M / ) ; :

relative density of the armor unit, i.e. =( - )/ ; : mass

density of armor unit; : mass density of sea water; M : fifty

percent value of the mass distribution curve; P: permeability

coefficient of the structure; S: damage level (S=A /D ); A :

erosion area in a cross section; N: number of waves (storm
duration).

The first part of main breakwater design constitutes
deterministic design in which the nominal rock diameter (D )

of the breakwater in Mersin yacht harbor (Figure 3) is evaluated
by using (1988) equations. In the deterministic
(Level I) design, the only uncertainty encountered in the design
procedure is inherent in the estimation of the design wave
height having a certain return period. The coastal structure is
designed to survive under the extreme wave conditions without
sustaining a damage that exceeds the described damage level in
its lifetime. The design wave height, which is the dominating
environmental load parameter, is estimated by using an extreme
probability distribution with the assigned return period. In the
preliminary design, the (0-5)% damage level (no-damage
condition) is accepted for the armor layer as a very common
deterministic design practice in Turkey (Figure 4). The armor
layer thickness constitutes two units of randomly placed, rough
and angular quarry stones.

For this damage level and the design significant wave height,
the nominal diameter (D ) and the median weight of the armor

unit (W ) are calculated from Van der Meer equation of

plunging. The average number of waves in storms is obtained

from the storm duration statistics of Mersin as 2000 waves

with a maximum standard deviation of =1718 waves. The

permeability coefficient of he trunk section, which has a
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Figure 1. Feed forward neural network structure.

Figure 2. Elman type recurrent neural network.
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Figure 3. Lay -out of breakwaters in Mersin yacht harbor.

Figure 4. Trunk section of the main breakwater in Mersin yacht
harbor at a water depth of d = 7.0 meters.
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armor/filter stone diameter ratio of 6, is estimated as P=0.4 from
a similar study carried out by V (1988). The
nearest directional buoy atAlanya, which has a weight of 212 kg
and a diameter of 0.9 m, measures waves with individual
heights up to 20 m. and periods in the range of 1.630 sec. The
resolutions of the wave height, frequency and direction are 1

cm, 0.01 Hz and 1.5 , respectively. The buoy measures the
directional wave spectra and contain a heave-pitch-roll sensor, a
three axis fluxgate compass, two fixed and accelerometers
and a microprocessor. On the other hand, real time wave
measurements were often interfered because of several reasons
such as communication (signal) impede between the buoy and
receiver, due to radio noise and synchronization problems etc.,
resulting irrevocable wave data in duration series. The
subsequent wave data (significant wave height, mean wave
period and wave direction) were predicted all together at the
same time from preceding measurements by employing
multiple-layer, feed-forward neuronets developed for the
Alanya wave measurement station.

Wave data were measured at two hours intervals by the
directional wave buoy located at 36° 32’ 30’’ N and 31°58’ 30’’
E. The buoy measured a 30 minutes record at every 2 hours at a
sampling interval of 0.78 seconds with a sampling frequency of
1.3 Hz at the water depth of 100 m. However, there were gaps in
the measured wave data because of communication problems
during measurement period of 11 months and the missing data
period varied between 2 and 21 hours.

Using preceding time series in neural network, the
succeeding wave data was predicted. The neural networks were
trained by Conjugate Gradient (CG) algorithm. In the training
phase, five data sets that have the longest continuous wave
measurements were employed for training, validation and
testing stages of networks. Weight and bias factors were
initialized by using Nguyen-Widrow method (K and

P , 1999). Uni-bipolar sigmoid functions were allocated
for hidden layers.

The minimum mean square errors of computations (MSE)
were used as the performance criteria (B and B ,
2002). MSE values of H and T were obtained as 0.0033 and

0.0039, respectively. Variation of determination coefficient for
significant wave heights and periods predicted by the neural
network are given in Figures 5 and 6 (B and K , 2003).
In the testing phase, the neural networks trained by CG
algorithm were compared by utilizing two statistical
parameters, namely the mean absolute error (ME) and
determination coefficient (r):

(3)

The performance of neural network models trained by CG
algorithm was evaluated for the short-term predictions. The
time interval was two hours (single step) and for the long-term
(multi step) predictions , where the output of each step was
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where , is the predicted value and is the mean of the real data.
Determination coefficients are the main performance indicators
in the testing phase of neural networks (B , 2001).
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Figure 5. Variation of determination coefficient for significant
wave heights predicted by neural network models.

Figure 7. Exceedance probabilities of the damage level S=2, as a
function of nominal rock diameter D by using the wave height

parameter H in Van der Meer failure function of plunging, for

the following lifetime (L) alternatives of I: L= 4 years, II: L=25
years, III: L=50 years, IV: L=100 years.

n50

s

Figure 6. Variation of determination coefficient for wave
periods predicted by neural network models.

Figure 8. Van der Meer failure surface in the two-dimensional
standardized coordinate system of random variables for Mersin
yacht harbor main breakwater.
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provided as the input of the next step to synthetically generate
the last 46 hours of time series. By using feed forward neural
networks and the wave height measurements completed by
neural networks, the limit state equations of Van der Meer was
modelled using the data of laboratory experiments, which are
used for the derivation of Van der Meer equations.

Forecasts of neural networks trained by the CG algorithm
showed a better performance and had higher values of
determination coefficient than other training algorithms for
same testing sets. Therefore, decreasing the training epoch may
provide flexibility in predictions of neural networks. Elman
type neural networks can demonstrate a better performance
when compared to other neural networks. For example, they
improved predictions of H and T by 142% and 98%,

respectively, when the data in the fifth testing set were utilized.
Exceedance probabilities of the damage level S=2, as a

function of nominal rock diameter D was obtained by Van der

Meer failure function of plunging. These design curves are
illustrated in Figure 7 (B and E , 2000). Van der Meer
failure surface in the two-dimensional standardized coordinate
system of random variables for Mersin yacht harbor main
breakwater is shown in Figure 8. Figures 7 and 8 permits the
rubble mound structure to be designed for several damage
levels and failure consequences, and for design wave height and
lifetime alternatives. Hence, the economic consequences of
structural failure can be reflected in the model, by choosing a
reliability level, which is defined as the non-exceedance
probability of a damage condition during a specified reference
period and under given environmental conditions. High
reliability levels are selected, when the economic consequences
of failure are serious, so that the public is not exposed to a risk,
such as loss of property or life.

The artificial intelligence model that is capable of predicting
the missing wave parameters and exceedance probabilities of
damage level of rubble mound breakwater is presented. Wave
parameters of significant wave height, period and direction
were predicted by using feed forward and recurrent neural
networks. By using the feed forward neural network, three
dimensional failure plane of breakwater could be estimated.
The “design artificial neural network” which uses Van der
Meer's hydraulic model test data, was developed for
preliminary design of breakwater and it was verified for
predictions of several damage levels in the lifetime of structure.
Reliable design can be assured for the optimum global solutions
by artificial intelligence techniques, when compared to the
second-order methods. Hence, the rubble mound structure
could be designed for several damage levels and failure
consequences, and for design wave height and lifetime
alternatives. Thus, economical (cost/benefit) analyses can be

carried out for an optimal design, where initial and maintenance
costs of the structure can be optimized.
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