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ABSTRACT

Mainitaining tranquility in the lagoon area is a
priority when it comes to a better port activity
management. Semicircular breakwaters with its
many advantages can be an ideal option when it
comes to port protection. Wave reflection
coefficient (K,) which is one of the key parameters
in the hydrodynamic investigation of semicircular
breakwaters has never been studied independently.
This paper aims to develop a novel hybrid
approach of GA-ANFIS to predict the reflection
coefficient of the emerged seaside perforated
semicircular breakwater by the conventional
method of data segregation of 75:25. The GA-
ANFIS model predicts the reflection coefficient
using five input elements that are influencing the
process of reflection. The dataset used here has
been taken from the experiments conducted in the
monochromatic wave flume laboratory of marine
structures of National Institute of Technology
Karnataka, Surathkal. The accuracy assessment of
the GA-ANFIS model was done based on the
correlation coefficient, root mean squared error,
scatter index,Nash Sutcliffe Efficiencyand bias.
The study shows that the prediction of K, with
reasonable accuracy is possible using GA-ANFIS
model compared to other models used in the study.
Keywords: GA-ANFIS; Fuzzy  C-means
clustering; reflection coefficient; semicircular
breakwater.

l. INTRODUCTION
The port and harbor tranquility is possible
only with the planning of proper coastal protection
structures. Breakwaters are one of the best coastal
protection structures (Mani and Jayakumar, 1995).

They are built to dissipate the enormous energy of
the sea waves. The design of such structures is of
great importance as their installation involves huge
investment. The choice of the type of breakwater is
site-specific and no single breakwater holds good
under all site conditions. The semicircular
breakwater is one among the several options with a
precast reinforced concrete structure having a
semicircular shaped hollow caisson resting on a
rubble mound as shown in (Fig. 1.1a). It is made of
pre-stressed concrete and cast as different elements.
Since the caisson is hollow its weight and the
materials to be used are significantly less. It could
be either emerged or submerged type, fully
perforated or partially perforated. The Fig. 1.1b
shows the emerged seaside perforated SBW, by
employing this kind of breakwater the wave energy
dissipation is done by creating turbulence inside the
chamber thus reducing the pressure and force on
the caisson. The spacing between the perforations
depends on the diameter of perforation and the S/D
ratio. The stability against sliding for SBW is good,
since, the horizontal component of the wave force
is smaller compared to the vertical component. In
addition, the vertical component is applied
downward the curved wall. The semicircular
breakwater possesses a round top and, thus, offers
more stability against the action of waves. Thus it
also serves well as offshore detached breakwaters
adopted for the protection of the coast against
erosion. The SBW enhances the scenery compared
to the conventional rubble mound breakwaters. The
impermeable semicircular breakwaters are effective
wave reflectors and the permeable semicircular
breakwaters are good energy dissipaters.
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Fig. 1.1 (a) Semicircular breakwater (b) Typical detailing of the semicircular breakwater

Being in an era of Artificial intelligence
there is a demand for alternatives to conventional
methods,although the physical model usage cannot
be completely ruled out. The application of several
soft computing tools either individual or hybrid for
the prediction of breakwater parameters has been
carried out in the past (Yagci et al. 2005, Mandal et
al.2009,Erdik et al. 2009, Deo 2010, Patil et al.
2012, Lee et al. 2015, Raju et al. 2015). ANFIS
outperforms the ANNSs and other types of Fuzzy
Inference Systems, it has been widely used in
prediction problems. ANFIS
outperformedANNmodels in predicting wave
transmission (K for a horizontallyinterlaced
multilayermooredfloatingpipebreakwater (Patil et
al. 2011). ANFIS is easy to understand, flexible,
and adaptable. However, with a large number of
inputs, the number of rules increases exponentially
and so does the complexity and computational cost.
Thus to avoid the drawbacks of original hybrid

learning algorithm of ANFIS, the ANFIS is trained
using metaheuristic algorithms like GA, PSO,
ABC, CSO, and their variants(Najib et al.
2016).The Al integration into coastal modeling can
be seen in the review of Chau 2006. Isen and Boran
2017 created a new hybrid model combining FCM,
GA and ANFIS for inventory classification such
that whenever there is a new inventory item
introduced the model need not be regenerated and
can handle both qualitative as well as quantitative
data. The ANFIS premise and the consequent
parameters are optimized using Genetic Algorithm
(GA) based on a population algorithm and applied
to the nonlinear dynamic system identification
problem. It was found that the optimization of
ANFIS parameters using GA was more successful
than the other methods(Haznedar and Kalinli
2016). Begic et al. 2015used nine dermatological
features asinputs to classifiers of ANFIS for the
first level of fuzzy model optimization and then
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used GA for the second level of fuzzy model
optimization within GA-ANFIS system for
detection of dermatological disease. AGA-
ANFIShybrid model wasdeveloped by Zanaganeh
et al. 2009 to predict the significant wave height
and the peak spectral period in Lake Michigan was
found superior to ANFIS models and SPM method.
Here, GA optimized the structure and number of
fuzzy if-then rules in a FIS by finding the best
parameter values of subtractive clustering, whereas
ANFIS is used to optimize the FIS constructed
based on the clustering parameter values generated
by GA.

In very large scalecoastal aquifers, the
optimal management of saltwater intrusion is
computationally challenging and not feasible. An
ANN-GA based simulation and optimization model
was developed byBhattacharjya and Datta 2010 for
solving a multiple objective saltwater management
problems.Fazlec et al. 2015 proposed a GA-ANFIS
expert system prototype for tar detection in
cigarettes during the manufacturing process. The
Adaptive Neuro-Fuzzy Inference System (ANFIS)
and Genetic Algorithm (GA) is combined in the
study. The data used from inside the cigarette
factory was collected with special
qualityequipment.  The  GA-ANFIS  system
performs optimization in two steps. Initially, six
different ANFIS structures are generated and in the
second level GA optimization of these ANFIS
structures was performed. The validation of the
GA-ANFIS system was carried out using a data set
that was not used in the process of training and
found that GA-ANFIS performs well enabling
faster prediction of tar amount with a permitted
deviation.Alata et al. 2013 applied subtracting
clustering algorithm to find the optimal number of
clusters needed by Fuzzy C-means clustering
(FCM) algorithm used an iterative search approach.
Further, using GA and the iterative search approach
the weighting component m of FCM algorithm was
optimized. GA performed better and had lesser
approximation error with less time compared to
iterative search approach. Li and Su 2010
developed a hybrid GA-HANFIS model that
predicts a hotel’s daily air conditioning
consumption. The GA optimized the structure and
number of fuzzy if-then rules in a hierarchical
ANFIS by arriving at the best subtractive clustering
parameters. The hierarchical structure used in the
study helped in arranging low-dimensional rule
bases and ANFIS optimizes the FIS constructed
based on the clustering parameter values generated
by GA. The authors found the performance of GA-
HANFIS outperformed the conventional neural

networks in terms of prediction accuracy. The
direct measurement of soil saturated hydraulic
conductivity (Ky) is tedious, exhaustive, expensive
and laborious.Taraghi 2014 predicted K parameter
from easily available metadata using Fuzzy c-mean
(FCM) clustering and Genetic Algorithm (GA).
The available data was clustered using FCM
algorithm, a Fuzzy Inference System was generated
based on these clusters by 12 rules, 6 numbers of
inputs and saturated hydraulic conductivity as
output. The model predicted K, was close to the
actual measured K Predicting thermal error of
CNC milling machine tools were found to be more
accurate using ANFIS-FCM compared to ANFIS-
Grid model as the number of rules in the latter was
few compared to the large rules in the grid
partitioning method (Abdulshahed et al. 2015).

Over the past decades, researchers have
predicted the performance of various types of
breakwaters using the soft computing techniques.
However, there is lack of research on prediction of
hydraulic responses of caissons like semicircular
breakwaters. Hence, the objective of this paper is to
develop a hybrid GA-ANFIS model for estimation
of wave reflection coefficient of semicircular
breakwaters.A conventional method of data
segregation of 75:25 was applied to the entire
randomized dataset. And the robustness of the
model is assessed by the error metrics like the
correlation coefficient, root mean squared error,
mean absolute error and scatter index.

Experimental data used

The experimental data were obtained from
physical model studies of emerged seaside
perforated  semicircular  breakwater  (SBW)
(Nishanth 2008; Sooraj 2009; Vishal 2010; Sreejith
2015,Hegde et al. 2018)carried out in the regular
wave flume of Marine Structures Laboratory in the
Department of Applied Mechanics and Hydraulics,
National Institute of Technology Karnataka,
Surathkal, India. Table 1presents the range of input
parameters used in the experiments which are
downscaled to 1:30 to represent the conditions
along the Arabian Sea off Mangaluru coast.The
wave climate of Mangaluru coast as given by
Dattatri and KREC study team (1994) were
considered for selecting the input wave parameters.
The largest single wave recorded off the Mangaluru
coast was found to be 5.4 m. The predominant wave
period during the monsoon season is 9 to 10 s,
while longer period waves are experienced in the
fair weather season. In the non-monsoon months
(October to May), the maximum wave heights are
less than 1m in height. The tides at Mangalore are
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semi-diurnal type. The tidal range in the area is
about 1.68 m. Hence, in the present investigations,
wave heights in the range of 1.0 m to 5.4 m and
wave periods in the range of 6 to 12 s are
considered for modeling. Incident wave heights
used in the flume varied from 3 to 20 cm, wave
periods ranged from 1.4 s to 2.5 s, water depths
used were 35 cm, 40 cm, 45 cm, and 50 cm and the
model scale was 1:30.

The reflection coefficient (K,) of emerged
seaside perforated semicircular breakwaters has not
been much explored, and there is a research gap,
particularly in the application of soft computing
techniques to predict K. In the current study, the

prediction of the reflection coefficient of emerged
seaside perforated semicircular breakwaters is
proposed. The study involves the application of soft
computing models to the data obtained from the
experimental study involving emerged seaside
perforated semicircular breakwaters of different
radii under varying wave conditions using the
Issacson three probe method. The prediction of the
reflection coefficient is studied for Non-dimensional
(Hi/gT? digT? SID, hJd, R/H;) n-terms obtained
from dimensional analysis using Buckingham’s -
theorem. Data segregation for prediction is done
with a data division of 75:25 for a dataset of 1274
randomized data points.

Table 1 Experimental parameter ranges for K, prediction

Input parameters Data Range

Incident wave height, Hi (m) 0.06 -0.18

Wave period, T (s) 12-26

Depth of water, d (m) 0.35, 0.40, 0.45, 0.50

Radius of the semicircular caisson, R (m) 0.45, 0.60

Perforation spacing, S (m) 0.032, 0.048, 0.064, 0.096, 0.128,
Perforation diameter, D (m) 0.012,0.016

SBW structure height hg (m) 0.502, 0.652, 0.730

Normalization of the data and consistency check

The wave parameters obtained from the
experiments are normalized to (0, 1). The
normalization is done by using Equation 3.1before
feeding to the network.This is done to bring all the
input variables in a common range so that the
network gets trained without being hindered by the
effect of very high or very low values. However, in
the current study, the variation of the ranges of the
input and target values are not large.

o Xi_min(Xi)
" max(y,)-min(x,)

)
Where,
Z; - is the normalized data for the i™ variable
betweenOto 1,
X; - is the data point i" variable,
Xmax - 1S the maximum amongst all the data points
of i variable,
Xmin - 1S the minimum amongst all the data points
of i" variable.
The consistency of the datais as shown in the Fig.
2,

DOI: 10.35629/5252-05039951004  |Impact Factorvalue 6.18| 1ISO 9001: 2008 Certified Journal  Page 998



International Journal of Advances in Engineering and Management (IJAEM)
Volume 5, Issue 3 March 2023, pp: 995-1004 www.ijaem.net

JAEM
1 - a —
,’gT»
0
1 101 201 301 401 501 601 701 801 901 1001 1101 1201
1 ',/g 2
0
1 101 201 301 401 501 601 701 801 901 1001 1101 1201
1
i |
0
1 101 201 301 401 501 601 701 801 901 1001 1101 1201
| ww« i mww
i |
0
1 101 201 301 401 501 601 701 801 501 1001 1101 1201
1 R/H
0
1 101 201 301 401 501 601 701 801 901 1001 1101 1201
1 K,
0
1 101 201 301 401 501 601 701 801 901 1001 1101 1201

Fig. 2 Data consistency of input parameters Hi/gT? d/gT? hyd, S/D, R/H;, K, in the case of reflection
coefficient prediction

Employment of Soft computing models

Initially, the prediction of the wave
reflection coefficient was done with the ANN and
ANFIS models. However, the results obtained had
scope for further improvement hence the
optimization techniques were employed. The
detailed methodology of the ANN, ANFIS, PSO-
ANFIS, GA-ANFIS can be referred into in my
previous publications. Here the model results of
ANN, ANFIS, PSO-ANFIS are wused for
comparision with the GA-ANFIS.

The ANN model has been simulating
exactly like the way in which the human brain will
usually process the information. It gets the problem
knowledge by detecting the patterns and
relationships in data and does the learning which is
called as data training.

Whereas the ANFIS model is a Neuro-
Fuzzy technique used for the modeling of not well

defined,  uncertain  problems. ANFISis an
intelligent model that leans  based on the
input/output datasets. The optimisation techniques
adopted here like Genetic Algorithm and Particle
swarm are both inspired by nature. GA is based on
the concept of Charles Darwin's theory of natural
evolution. Here the natural selection of the fittest
individuals are done to reproduce offsprings of the
next generation. Also in the particle swarm
optimization (PSO) which is a computational
method it optimizes the given problem by
iteratively improving a candidate solution with
regard to a given measure of quality say root mean
square error.

Results and discussion ofK, prediction of
semicircular breakwater using different soft
computing models for 1274 data points

The reflection coefficient prediction
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performance of different soft computing models for
non-dimensional input parameters for 1274 data
points is done by conventional data segregation
method. The entire dataset was randomized,
normalized and a data division of 75% for training
and 25% for testing was taken up to check the
prediction possibility.

The training and testing of ANN Model
for prediction of K, for 1274 global data pointsare
carried out. The best ANN architecture obtained by
trial and error basis is 5-11-1 with the least testing
RMSE=0.1703for epoch 133. The network is fed
with 5 inputs and the prediction of single output is
done by varying the number of neurons in the only
set hidden layer. The values of the measure of error
are presented in Table 2. The correlation coefficient
for training R=0.6803 and for testing R=0.6003 is
found. Fig. 3ashows the scatter plot of model
predicted K, and actual values for the case of 1274
global data points testing using ANN.

The ANFIS model with fuzzy C-means
clustering is adopted with the input membership
function for each input variable is ‘gaussmf’ and
the output membership function type is 'linear' for
sugeno systems. Here the number of clusters is set
as 9 as the entire dataset has 9 distinct wave
heights. The model prediction for m=2 with the
minimum improvement factor set as of 0.001 in the
objective function in between the two consecutive
iterations and the maximum iterations count is set
to 25 for which RMSE=0.1282 is obtained.
Training and testing performance of ANFIS model
for the case of 1274 global data points is validated
by error measure as shown in Table 2 and the
scatter plot of predict K, and actual values of
ANFIS is as in Fig. 3b. Here FCM constructs aFIS
with five inputs and one output. ANFIS predicted
the K, value for non-dimensional input parameters
with an improvement in the R-value of training and
testing with respect to ANN prediction as seen in
Table 2.

An attempt to further improve the ANFIS
training was done by GA-ANFIS model whose
objective function is to reduce the RMSE of the
prediction of K, of the semicircular breakwater. In
the FCM the number of clusters was set as 9, with
m=1.2 was optimal with least RMSE, for a
maximum FCM iteration of 50 and minimum
improvement of le-5. GA parameters population
size and the maximum number of iterations ARE
varied to arrive at the best R values and lower
RMSE. Finally, a population size of 20 with a
maximum number of iterations 8000 was found
optimal. Also, the mutation rate is set to 0.15, the
crossover percentage is set to 0.4, mutation

percentage is set to 0.7, and the selection pressure
is set to 8. GA-ANFIS model prediction is found to
improve over the ANFIS model prediction and is
found to be the best among the four models
adopted. Table 2 shows the comparison of GA-
ANFIS and ANFIS model results in case of non-
dimensional input parameters and the scatter plot of
prediction and actual values of GA-ANFIS is as
seen in Fig. 3c. The Nash Sutcliffe efficiency of
the GA-ANFIS model of testing is 66% best among
all four models for this case of prediction. The
scatter index for testing reduced relatively with
respect to the other three models as shown in Table
2.

Further to check if PSO is better than GA
in improving the ANFIS training PSO-ANFIS
model is employed with an objective function to
reduce the RMSE of the prediction of wave
reflection (K;) of the semicircular breakwater. In
the employment of PSO-ANFIS model, an initial
FIS for the dataset of non-dimensional input
parameters is generated using FCM and the PSO is
applied to fine-tune the ANFIS training. In the
FCM the number of clusters was set as 9, as the
data involved 9 different wave heights. The optimal
found m=1.7 with least RMSE is set for a
maximum FCM iteration of 50 and minimum
improvement of 1e-5. The model is run for
different values of ¢; and ¢, but the least RMSE
was attained only when the acceleration coefficient
€1=2, ¢,=2. The model is run for various population
size and finally set for a population size of 50 and
1000 iterations which gave the best prediction with
least RMSE for inertia weight of w=0.7. Table 2
shows the comparison of PSO-ANFIS and ANFIS
model results in case of non-dimensional input
parameters. The PSO-ANFIS model prediction for
training R=0.8886 is better than ANFIS model
training and for the testing R=0.7569. On further
increase of iterations in PSO-ANFIS, the model
results did not improve. A scatter plot of prediction
and actual values of PSO-ANFIS is as seen in Fig.
3d. Among the four models considered GA-ANFIS
model gave better results. Fig. 4shows the
comparison of predicted K, by ANN, ANFIS, GA-
ANFIS and PSO-ANFIS models with observed K,
values.
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Table 2Error metrics for different soft computing models for non-dimensional input parameters in the
case of global data of 1274 points for predicting reflection coefficient

Soft computing models
Error
Input metrics
form
ANN ANFIS GA-ANFIS PSO-ANFIS
Train Test Train Test | Train | Test | Train Test
R 0.6803 0.6003 | 0.6991 | 0.649 | 0.909 | 0.863 | 0.8886 | 0.756
4 6 4 9
RMSE | 0.1656 0.1703 | 0.1312 | 0.128 | 0.086 | 0.097 | 0.0785 | 0.111
2 9 4 6
NSE 0.4621 0.3190 | 0.4886 | 0.415 | 0.775 | 0.662 | 0.8209 | 0.558
= 8 7 6 0
2 Sl 58.26 65.07 | 43.45 45.20 | 28.78 | 34.34 | 25.97 39.32
c
[<5]
-g BIAS -0.0060 | 0.0258 | 3.129E- | 0.007 | - - -0.0097 | 0.016
& 05 4 0.018 | 0.015 0
3 4 1
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