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A major portion of the coastline of Kerala is under erosion, primarily due to the action of wind-generated
waves. Accurate assessment of the nearshore wave climate is essential for detailed apprehension of the
sediment processes that lead to coastal erosion. Numerical wave transformation models set up incorporating high-resolution nearshore bathymetry and nearshore wind data, prove to be sufBcient for the
purpose. But, running these models for decadal time scales incur huge computational cost. Thus, a Feed
Forward Back Propagation ANN is developed to estimate the wave parameters nearshore with training
datasets obtained from minimal set of numerical simulations of wave transformation using DELFT3DWAVE. The numerical model results are validated using Wave Rider Buoy data available for the location. This hybrid methodology is utilized to hindcast nearshore wave climate of a location in north Kerala
for a period of 40 years with the ANN model trained with 1-yr data. The model shows good generalization
ability when compared to the results of numerical simulation for a period of 10 years. This paper illustrates the data and methodology adopted for the development of the numerical model and the proposed
ANN model along with the statistical comparisons of the results obtained.
Keywords. Wave transformation; wave climate; DELFT3D-WAVE; ANN; Kerala coast.

1. Introduction
The coast of Kerala, located in southwest India, is
a medium to high energy coast with considerable
shoreline erosion. About 60–70% of this coastline is
eroding, and a major portion of this is protected
from erosion with artiBcial structures (Kumar et al.
2006; Sachin et al. 2014; Noujas et al. 2017). Noujas
and Thomas (2015) have reported 30 erosion hotspots along Kerala coast. The primary cause for the
erosion process is the wind-generated surface
gravity waves originating from multiple regions of
the Indian Ocean. This shoreline is exposed to the
open ocean throughout its length. Precise

estimation of the long-term nearshore wave climate
is essential for an exhaustive comprehension of the
sediment processes that lead to coastal erosion.
The present study thus develops an eDcient
methodology to hindcast long-term wave climate
for a speciBc location.
Nearshore wave climate along Kerala coast has
been studied by researchers in the past using
nearshore observations and numerical wave transformation models. Though there are studies based
on systematic visual observations before 1980s,
instrumental measurements were Brst conducted
by Centre for Earth Science Studies (CESS),
Thiruvananthapuram, Kerala (Noujas et al. 2019).
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Black et al. (2008) conducted hydrodynamic
measurement campaigns in the surf zone oA Chavara
coast in south Kerala. Kurian et al. (2009) investigated the sediment processes in the beach, surfzone and the inner shelf of south-central coast
of Kerala using Beld measurements as well as
numerical modelling. Sediment transport regime of
south, central and north Kerala coast were studied
by Noujas et al. (2016, 2017) and Noujas and
Thomas (2018). Though the studies mentioned
above provide significant insight into the nearshore
wave climate and coastal processes, most of them
use short-term measured wave data or numerically
simulated nearshore data, using oAshore wave data
collected at locations as far as Kavarati Island.
Establishing an eDcient methodology to transform
long-term reanalysis wave data to nearshore locations would enable studies on long-term variations
of coastal processes.
The nearshore wave transformation processes
include shoaling, refraction, reCection, diAraction,
frequency interactions, set-up and breaking. A
well-established methodology for calculating the
nearshore wave parameters is that of solving the
governing partial differential equation for wave
transformation in a spectral domain using a computational algorithm. These models consider a
spectral sea state as boundary condition and compute the evolution of corresponding wave action
density spectrum over a spatial domain representing the nearshore bathymetry under the action of
surface winds. The spectral wave model
DELFT3D-WAVE used in the present study
employs the SWAN computation engine (Deltares
2014). SWAN (Booij et al. 1999) is a third-generation spectral wave model that uses Discrete
Interaction Approximation (DIA) by Hasselmann
et al. (1985) for the calculation of non-linear
quadruplet interactions. It also computes triad
wave–wave interactions, relevant in shallow
waters, using Lumped Triad Approximation
(LTA) derived by Eldeberky (1996). Recent
applications of these models can be seen in Lin
et al. (2019), Liang et al. (2019) and Shimura and
Mori (2019).
Although third-generation coastal spectral wave
transformation models take care of most of the
nearshore transformation processes, long-term
hindcast using these models are highly computationally expensive (Camus et al. 2011; Laugel 2014;
Kumar et al. 2018; O’Donncha et al. 2018).
Researchers in the past have developed various
hybrid methodologies for nearshore wave
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transformation and wave hindcasting. Initial
researches in this line were to develop methodologies as a combination of dynamic and statistical
downscaling. A reduced number of cases good
enough to characterise the wave climate at deep
water are dynamically downscaled using a numerical model to obtain the datasets required to
develop a statistical downscaling model subsequently. The statistical model thus obtained is
then used for reconstruction of long-term nearshore
time series of wave parameters (Camus et al.
2011, 2013; Gouldby 2014). The wave parameters
at a nearshore location are estimated with significant reduction in computation time.
The utilisation of ArtiBcial Neural Networks
(ANN) in various areas of ocean engineering is
spread across numerous applications such as function approximation, system modelling and parameterisation and design optimisation. ANN schemes,
in general, oAer higher accuracy, ease of application and reduced data requirement (Londhe and
Deo 2004). But, development of ANN models to
mimic the performance of physics-driven numerical
models requires huge data for training. Recently,
surrogate ANNs trained using data from numerical
models have been used by various researchers to
replicate the performance of numerical models
(O’Donncha et al. 2018). The conventional method
of ANN models uses Beld observed data for training, while availability of such data for long-duration remains a constraint. However, higher data
requirement associated with the development of
neural networks has been easily overcome by using
numerically simulated data for training. Thus, a
Feed Forward Back Propagation (FFBP) ANN
with a single hidden layer is developed to estimate
the nearshore wave parameters with training
datasets obtained from a minimal set of numerical
simulations of wave transformation using
DELFT3D-WAVE. The application of this
methodology to a speciBc location on Kerala coast
is also presented.

2. Study area
The physical domain of the numerical model
developed in DELFT3D-WAVE covers a 130 km
coastline in North Kerala. It starts from Azhikkal
in Kannur district to Tanur in Malappuram
district. This lies in the northernmost part of
Kollam–Ettikulam Primary Sediment Cell. This
coastal stretch is comprised of morphological
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features such as river mouths, tidal inlets, rocky
outcrops and sandy beaches (Noujas and Thomas
2018). Human interventions include harbour
breakwaters, sea walls, groynes and training jetties. Valapattanam River, Anjarakandy River,
Tellicherry River, Mahi River, Iringal River,
Korappuzha, Kallai River, Chaliyar River and
Kadalundipuzha are the rivers that debouch into
the sea along this stretch of coast. The northern
areas of the shoreline, compared to the southern
areas, feature a number of projections and rocky
outcrops. The domain extends to 65 km oAshore,
covering approximately up to 100 m depth contour.
The study area and domain of the numerical model
are shown in Bgure 1.
3. Materials and methods
3.1 Data
OAshore wave and wind data consisting of significant wave height (Hs), mean wave period
(Tm), mean wave direction (hm), Cartesian components U10 and V10 of the mean wind vector 10
m above the sea surface are obtained from
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European Commission for Medium-range
Weather Forecast (ECMWF) ERA-Interim
reanalysis database. The ECMWF ERA-Interim
is a reanalysis dataset available for the period
starting from 1979 to present. This is the successor product of ERA-40. This reanalysis uses a
two-way coupled atmosphere-wave model system. Some of the major advantages of ERA-Interim over ERA-40 are an improved atmospheric
model, a revised ocean wave dissipation scheme,
a new scheme for parameterizing sub-grid
bathymetry and a four-dimensional variational
data assimilation (Bidlot et al. 2007; Dee et al.
2011). ERA-Interim wave data for 40 yrs starting
from 1979, available on a 0.125° 9 0.125° grid,
was obtained for the location 75.125°E, 11.125°N
through the Web-API service of ECMWF using a
Python script. Nearshore observed wave data
available from ODIS-INCOIS Wave Rider Buoy
(WRB) at 75.670°E, 11.216°N is used for validation of the numerical model. The WRB is
located *12 km away from the Kozhikode coast
at a water depth of 22 m. The location of the
WRB and the oAshore data point are shown in
Bgure 1.

Figure 1. Study area, model domain, location of data point for the extraction of wave data from ECMWF ERA-Interim and
location of INCOIS Wave Rider Buoy.
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Figure 2. Rose plots of oAshore wave and wind data for the location 75.125°E, 11.125°N for the years 1979–2018: (a) Wave rose
showing directional distribution of Hs, (b) wave rose showing directional distribution of Tm and (c) wind rose (source: ECMWF
ERA-Interim).

Table 1. Joint probability between Hs and Tm for oAshore location at 75.125°E, 11.125°N for the
years from 1979 to 2018 (source: ECMWF ERA-Interim).
Tm (s)
Hs (m)
0.0–0.5
0.5–1.0
1.0–1.5
1.5–2.0
2.0–2.5
2.5–3.0
3.0–3.5
3.5–4.0
Total

4–6
0.83
0.28

1.11

6–8

8–10

0.12
22.09
10.20
3.37
1.10
0.10

0.07
29.13
10.69
11.00
6.74
1.82
0.22
0.03
59.70

36.98

A statistical summary of the oAshore wave and
wind data, for 40 years from 1979 to 2018, is
provided in the form of rose plots in Bgure 2 and
a joint probability table between Hs and Tm in
table 1. Hs mostly varies between 0.5 and 3.5 m
at the oAshore location. About 90% of the time,
the wave heights are below 2.0 m. Predominant
directions of wave approach are south–southwest
(SSW), west–southwest (WSW), south (S),
southwest (SW) and west (W). About 60% of the
time, wave period lies between 8 and 10 s. Wind
varies between 0 and 15 m/s with west (W),
west–northwest (WNW) and northwest (NW)
being the predominant directions of approach.
Bathymetry used for the numerical model is a
combination of bathymetry from National
Hydrographic ODce (NHO) India and General
Bathymetric Chart of the Oceans (GEBCO)
bathymetry.

10–12

12–14

1.24
0.68
0.08
0.11
0.06
0.01

0.02
0.01

2.18

0.03

Total
0.18
53.31
21.87
14.46
7.95
1.97
0.22
0.03
100

3.2 Methodology
Nearshore wave transformation for the area is
Brst modelled using the DELFT3D-WAVE
numerical model. The model uses wave parameters Hs, Tm and hm to deBne its oAshore boundary condition. A uniform wind Beld, deBned by
the Cartesian components U10 and V10 of the
mean wind vector, is applied over the domain to
account for the wave generation process within
the domain. Subsequently, an FFBP ANN with a
single hidden layer is developed as a surrogate to
the numerical model to estimate the nearshore
wave parameters. The ANN model is trained
using the oAshore wave and wind parameters as
input and the simulated nearshore wave parameters as target. The numerical model was simulated for one year to obtain the training datasets. Levenberg–Marquardt (LM) algorithm is
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Figure 3. Comparison of Hs, Tm and peak wave direction between numerical simulation and WRB observations for a period of
2 months during monsoon 2014.

employed to minimize the error function and to
arrive at optimized weights for the ANN. The
performance of the ANN model is evaluated
using coefBcient of correlation (R), and various
error functions. The generalisation ability of the
ANN model is then established by simulating
wave transformation process for 10 years and
comparing them with the results of the numerical
model. This hybrid methodology is utilized to
hindcast nearshore wave climate of a location in
north Kerala for a period of 40 years with the
ANN model trained with 1-yr data. The long-

term 6-hrly ECMWF reanalysis data of oAshore
waves is transformed to the nearshore location
and statistics are obtained.

3.3 The numerical model
DELFT3D-WAVE is an open-source coastal spectral wave model, part of DELFT3D 4.03 modelling
suite developed by the Deltares, Netherlands. The
model can represent the wave transformation
occurring in the continental shelf and the nearshore
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Figure 4. Comparison of Hs, Tm and peak wave direction between numerical simulation and WRB observations for a period of
2 months during non-monsoon 2014.

due to wave growth, white-capping, non-linear
wave–wave interactions, shoaling, refraction,
diAraction, dissipation due to bottom roughness
and breaking (Deltares 2014). The model solves
spectral action balance equation given by:
oN oCx
oCy
oCr
oCh
Stot
þ
Nþ
Nþ
Nþ
N¼
;
ot
ox
oy
or
oh
r
ð1Þ
N is the spectral action density deBned as
N = E/r. r is the frequency and h is the

direction of propagation. N propagates in the
geographical space (x, y) with the group
velocity Cg and is represented by the second
and third terms in the equation. Cx and Cy are
the components of Cg in x and y directions,
respectively. The fourth and Bfth terms
represent the propagation of wave energy in
the spectral space (r, h), with velocities Cr and
Ch. Stot on the right-hand side is the source
term to represent all the processes that
generate, dissipate or redistribute wave energy
(Booij 2008). The domain is discretized under a
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Table 2. Comparison of wave parameters computed by the numerical model with the WRB observed
data for monsoon and non-monsoon period for the year 2014.
Monsoon

Statistics/error
estimator

Wave parameter
Hs

Observed

Mean
Standard deviation
RMSE
R
Mean
Standard deviation
RMSE
R
Mean
Standard deviation
RMSE
R

Tm

Peak wave
direction

1.91
0.44

Non-monsoon
Model
1.94
0.42

Observed
0.65
0.14

0.20
0.89
7.10
0.69

0.66
0.13
0.11
0.68

7.01
0.67

4.83
0.94

0.57
0.65
256.7
16.57

Model

5.61
0.82
1.25
0.41

255.0
9.76

240.8
34.20

13.87
0.55

230.0
19.44
30.34
0.55

Table 3. CoefBcient of correlation (R) during training, validation and testing along with overall
error estimates for ANNH.
No. of
neurons
5
10
15
20
25
30
35

CoefBcient of correlation, R

Error estimator

Training

Validation

Testing

Overall

SSE

MSE

RMSE

NRMSE

0.9957
0.9965
0.9993
0.9991
0.9981
0.9983
0.9989

0.9944
0.9956
0.9991
0.9989
0.9978
0.9979
0.9987

0.9892
0.9913
0.9860
0.9823
0.9885
0.9795
0.9851

0.9942
0.9953
0.9965
0.9956
0.9960
0.9942
0.9960

51.02
19.33
16.22
38.78
47.52
36.97
30.01

0.0349
0.0132
0.0111
0.0266
0.0325
0.0253
0.0206

0.1869
0.1151
0.1054
0.1630
0.1804
0.1591
0.1434

0.0323
0.0199
0.0182
0.0282
0.0312
0.0275
0.0248

Table 4. CoefBcient of correlation (R) during training, validation and testing along with overall
error estimates for ANNT.
No. of
neurons
5
10
15
20
25
30
35

CoefBcient of correlation, R

Error estimator

Training

Validation

Testing

Overall

SSE

MSE

RMSE

NRMSE

0.9811
0.9838
0.9846
0.9860
0.9909
0.9834
0.9874

0.9657
0.9699
0.9811
0.9850
0.9892
0.9556
0.9722

0.9737
0.9771
0.9811
0.9802
0.9879
0.9754
0.9825

0.9764
0.9795
0.9830
0.9846
0.9899
0.9760
0.9833

63.90
55.62
46.75
42.07
33.34
65.45
47.39

0.0438
0.0381
0.0320
0.0288
0.0228
0.0448
0.0325

0.2092
0.1952
0.1789
0.1698
0.1511
0.2117
0.1802

0.0294
0.0274
0.0251
0.0239
0.0212
0.0298
0.0253

Bnite difference scheme using a curvilinear grid
with approximate cell sizes varying from 1270
m 9 770 m at oAshore boundary to 750 m 9
460 m at nearshore locations. The oAshore
boundary of the domain is having an average
water depth of 90 m w.r.t. MSL.
Performance of the numerical model is evaluated using wave data obtained from ODIS-

INCOIS Wave Rider Buoy. Comparison of Hs,
Tm and peak wave direction has been performed for a period of 2 months during monsoon and non-monsoon seasons. For the
monsoon period, wave data for the months
June and July of 2014 has been used (see
Bgure 3). For the non-monsoon period, data for
the months February and March of 2014 has
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been used (see Bgure 4). Comparison of the
wave parameters computed by the numerical
model and observed by the WRB are listed in
table 2. During the monsoon period, all three
wave parameters considered show good agreement with the observed data in terms of mean
and standard deviation. Though the comparison
of Hs shows an R value of 0.89, Tm and peak
wave direction show lower correlations. During
the non-monsoon period, mean of the simulated
Hs is in good agreement with the WRB
observed wave data, while Tm and peak wave
direction show larger deviation. A close observation of the ECMWF wave data suggested
that certain peaks present in the observed
WRB data are not captured in the oAshore
wave data.
3.4 The ANN model
ANNs are computing systems consisting of simple
interconnected identical processing nodes called
artiBcial neurons which process information following the concept of actual biological neurons.
Similar to biological neural networks, ANNs are
not required to be pre-programmed to perform an
individual task as they are capable of adaptive
learning. The neurons in an ANN pick up several
inputs from an external source, multiply each of
them by a weight, adjust them by a bias and the
output is transferred through a preselected nonlinear transfer function to produce outputs. The
process of iteratively Bxing the weights and biases to establish the relationship between the
outputs and inputs is called training. The trained
network is presented with another set of data
which have not been used in training, called the
validation set, to assess the performance of the
network in modelling the relationships accurately. The nonlinear transfer function used in
the hidden layer of the present ANN model is the
tan-sigmoid transfer function, a monotonously
increasing continuously differentiable function
that can accommodate the nonlinearities in the
relation between inputs and outputs (Gopinath
and Dwarakish 2015; Lopez et al. 2015a). This is
given by
"
#
1
   1;
ð2Þ
y¼2
1 þ e12x
where x and y are the input and output of the
transfer function, respectively. Transfer function
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for the output layer neuron is the simple linear
transfer function
y ¼ x:

ð3Þ

The popular LM algorithm is used here for
training. This was introduced as an algorithm
intermediary to Gauss–Newton method and
gradient descent algorithm to address the disadvantages of both (Hagen and Menhaj 1994;
Lopez et al. 2015a). An important aspect of the
ANN design is Bxing the number of neurons in each
layer. Number of input and output neurons is
governed by the number of input and output
variables present in the problem. The input vector
comprises of seven components. The Brst four
represents the oAshore boundary by Hs,Tm and two
Cartesian components (x and y) of mean wave
direction (hmx and hmy). Remaining three are
magnitude of oAshore wind vector (Um) and two
Cartesian components of the direction of wind
(hwmx and hwmy). The mathematical form of the
present ANN model is given by


inp
inp
inp inp
V out ¼ fANN Hsinp ; Tminp ; hinp
;
h
;
U
;
h
;
h
m
mx
my
wmx wmy ;
ð4Þ
where superscripts ‘inp’ and ‘out’ represent input
and output. Vout represents the output variable
out
Hsout ; Tmout ; hout
mx or hmy . Fixing the number of neurons in the hidden layer requires a comprehensive
experimental study involving a systematic trial
and error procedure (Haykin 1999; Lopez et al.
2015b). The algorithm Cowchart of the MATLAB
program that develops the ANN model with
varying numbers of hidden layer neurons is provided in the Appendix. The number of hidden
neurons is Bnally Bxed by comparing the performance of the networks. The performance is evaluated using estimators such as sum squared error
(SSE), mean squared error (MSE), root mean
squared error (RMSE), normalised root mean
square error (NRMSE) and the coefBcient of correlation (R) between outputs and targets. A network with the lower error estimates and higher
value of R is selected.
The training of the ANN model was done with
data obtained from numerical simulations for one
year, which comprises 1460 samples of input and
output vectors. OAshore wave data pertaining to
the year 2018 was used for the input vector.
Corresponding, wave parameters simulated by
the numerical model at the WRB location has
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Table 5. CoefBcient of correlation (R) during training, validation and testing along with overall
error estimates for ANNhmx.
No. of
neurons
5
10
15
20
25
30
35

CoefBcient of correlation, R

Error estimator

Training

Validation

Testing

Overall

SSE

MSE

RMSE

NRMSE

0.9880
0.9897
0.9899
0.9894
0.9954
0.9916
0.9909

0.9829
0.9865
0.9897
0.9865
0.9952
0.9909
0.9875

0.9917
0.9925
0.9929
0.9929
0.9961
0.9951
0.9945

0.9878
0.9897
0.9905
0.9896
0.9955
0.9922
0.9910

37.92
37.73
32.23
34.32
15.57
23.56
34.89

0.0260
0.0258
0.0221
0.0235
0.0107
0.0161
0.0239

0.1612
0.1607
0.1486
0.1533
0.1033
0.1270
0.1546

0.0321
0.0321
0.0296
0.0306
0.0206
0.0253
0.0308

Table 6. CoefBcient of correlation (R) during training, validation and testing along with overall
error estimates for ANNhmy.
No. of
neurons
5
10
15
20
25
30
35

CoefBcient of correlation, R

Error estimator

Training

Validation

Testing

Overall

SSE

MSE

RMSE

NRMSE

0.9824
0.9853
0.9884
0.9918
0.9944
0.9948
0.9858

0.9871
0.9825
0.9928
0.9915
0.9951
0.9939
0.9878

0.9731
0.9829
0.9855
0.9858
0.9859
0.9908
0.9795

0.9813
0.9843
0.9885
0.9905
0.9927
0.9938
0.9846

52.56
45.78
37.39
38.11
21.93
17.54
44.11

0.0360
0.0314
0.0256
0.0261
0.0150
0.0120
0.0302

0.1897
0.1771
0.1600
0.1616
0.1225
0.1096
0.1738

0.0286
0.0267
0.0241
0.0244
0.0185
0.0165
0.0262

been kept as target output vector. These samples
were fed to the ANN in a 60:20:20 ratio for
training, validation and testing. The proportion
of monsoonal and non-monsoonal data was kept
the same in all three sets with a pre-processing
procedure. Performance function used for training
is the SSE function. The optimum number of
neurons was selected based on a higher correlation coefBcient and lower error estimates
obtained in training, validation and testing. Four
separate ANN models, namely ANNH, ANNT,
ANNhmx and ANNhmy were developed for predicting the four output variables Hsout ; Tpout ; hout
mx
and hout
,
respectively.
my
4. Results and discussion
4.1 Selection of ANN models
In order to select an ANN architecture out of the
possibilities considered, a comparison study was
conducted using the error estimators mentioned in

the previous section. The statistics of this study for
the four ANN models developed are presented in
tables 3–6. Though the ANNH model shows good
correlation with Bve hidden neurons itself, NRMSE
is found to be minimum at 15 neurons. Thus, the
structure 7–15–1 is selected for ANNH model.
Similarly, ANNT model performs best with 7–25–1
structure. ANNhmx model performs best with 25
hidden neurons (7–25–1) and ANNhmy does the
same at 30 hidden neurons (7–30–1).
4.2 Test for generalisation ability
In this section, the ability of the selected ANN
models to reproduce the results computed by the
numerical model when applied for longer periods is
evaluated. The selected models trained with one
year’s data of 2018 were tested for 10 years simulation from 2009 to 2018. This is to ensure that the
ANN model trained with the one year’s data sufBciently captures the wave transformation process
such that it can be used on larger data sets. Linear
regression analysis for the outputs of ANNH,
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ANNT, ANNhmx and ANNhmy models with the
corresponding outputs of the numerical model are
shown in Bgure 5. The output of ANNhmx and
ANNhmy model were combined together to form
mean wave direction and were compared with the
directions simulated by the numerical model. All
the three models show very good correlation
between the outputs and the targets with R value
[0.97, with the ANNH model showing the highest
correlation of 0.99. RMSE for the ANNH model is
0.07 m. Linear regression analysis for the output of
ANNT model shows good correlation between the
outputs and the targets with R value of 0.97.
RMSE for the ANNT model is 0.42 s. Regression
analysis of mean wave directions, resulting from
ANNhmx and ANNhmy models also shows good
correlation with R value of 0.97 when compared to
the numerical model. RMSE for the ANN simulated wave directions, when compared with the
numerical model results, is 5.4°. Comparisons of
1-yr time series of each of these parameters corresponding to the year 2009 are shown in Bgure 6.
This also suggests that the ANN models developed
can be used on larger datasets to arrive at longterm hindcast time series.

4.3 Long-term wave hindcast

Figure 5. Linear regression analysis between the output of
ANN models and output of numerical model for the years
2009–2018: (a) ANNH model, (b) ANNT model and (c)
Resultant wave direction of ANNhmx and ANNhmy model.

Results obtained in the previous sections support
the application of the developed ANN model to
hindcast long-term nearshore wave parameters.
Towards this, the available oAshore wave and wind
data for 40 years from the year 1979 to 2018 were
used. Each of the four parameters was separately
simulated using the respective ANN models and
were combined to obtain a 40-yr long time series of
nearshore wave data. The ANN obtained wave
data for the WRB location 75.670°E, 11.216°N,
12 km oAshore of Kozhikode coast (Bgure 1), is
summarised in table 7, Bgures 7–9.
The maximum Hs over the 40-yr period is 3.39 m
at nearshore location. Hs exceeds 3 m only for
0.04% of the time. Hs remains below 2.0 m for
95.42% of the time, and below 1.5 m for 81.73% of
the time, and 62.57% waves are less than 1.0 m
height. Predominant directions of wave approach
are southwest (SW), west–southwest (WSW) and
west (W). 42.96% of the time, Tp lies between 6
and 8 s and 36.08% lies between 8 and 10 s. Though
the study area considered is one of the least aAected locations by cyclones along Indian coastline,
some of the recent cyclones raise concerns about
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Figure 6. Comparison of 1-yr time series of wave parameters corresponding to the year 2009 with the output of numerical model.
(a) ANNH model, (b) ANNT model, and (c) resultant wave direction simulated by ANNhmx and ANNhmy models.

the wave activity during cyclonic storms. Wave
climate during cyclonic storms would be distinctly
different from the ambient wave climate in the
region and might not be well captured in the
reanalysis data. Hence, it is important to note that
the maximum wave heights and other statistics
presented in this study are devoid of cyclonic
conditions.
Monthly rose plots of Hs presented in Bgure 8
show clear distinction between monsoon and nonmonsoon wave climate. During non-monsoon,
waves are mostly below 1 m wave height.

Southwest monsoon months of June, July, August
and September feature very high waves. During
July and August waves are clearly above 1 m.
During this period, more than 55% of the waves are
from WSW. Figure 9 shows monthly rose plots of
Tp. During SW monsoon, Tp mostly lies between 10
and 12 s and these waves approach from the WSW
direction. During non-monsoon, waves show a
wider range of Tp. During this period, waves approach
mostly from SW direction. During pre-monsoon and
northeast monsoon periods, long-period waves (Tp [
12 s) approach the coast from SW direction.
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Table 7. Joint probability, in percentage, between Hs and Tp for the nearshore location.
Tp (s)
Hs (m)

2–4

4–6

6–8

8–10

10–12

12–14

14–16

Total

0.0–0.5
0.5–1.0
1.0–1.5
1.5–2.0
2.0–2.5
2.5–3.0
3.0–3.5
4.0–4.5
Total

1.13
0.15

1.61
9.47
0.93

2.29
23.96
10.33
5.14
1.15
0.09

1.66
16.14
7.17
7.97
2.68
0.42
0.03

0.28
5.26
0.69
0.57
0.19
0.01
0.01

0.00
0.59
0.03

0.00
0.03
0.01

6.97
55.60
19.16
13.69
4.02
0.52
0.04

1.28

12.01

42.96

36.08

7.01

0.62

0.04

100

Figure 7. Wave roses for the nearshore location derived from the ANN model simulation for 40 years from 1979 to 2018. (a)
Directional distribution of Hs and (b) directional distribution of Tp.

It is important to note that the usefulness of this
hybrid methodology for computing wave conditions in the shallower water depths compared to
the WRB location is yet to be proved. The nearshore wave conditions, in the surf zone and further,
has to be computed with advanced phase-resolved
wave models with sufBcient validation using in-situ
measurements for detailed understating of the
sediment dynamics in the area. Development of
surrogate artiBcial intelligence models for this
purpose also remains as an area for future research.
4.4 Comparison of computational time
requirement
Computation of 1-yr wave transformation using
DELFT3D-WAVE model takes 14 hrs 51 min and

26 sec on an IntelÒ CoreTM i5-6200U (2.3 GHz)
processor. Simulation of the wave parameters for
the same period using ANN algorithm on the same
machine takes only less than 10 sec. This huge
saving in computational time enables the ANN
model to be used for long-term simulation of wave
parameters for a given location in a practical sense.

5. Conclusions
A hybrid methodology, combining numerical
modelling and soft computation using ANNs, is
developed to obtain long-term nearshore wave
hindcast. The numerical model is Brst set up and
validated to obtain the training datasets for the
ANN model. The numerical model results were
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Figure 8. Monthly wave roses showing the directional distribution of Hs for the nearshore location derived from ANN model
simulation for 40 years from 1979 to 2018.
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Figure 9. Monthly wave roses showing the directional distribution of Tp for the nearshore location derived from ANN model
simulation for 40 years from 1979 to 2018.
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validated using Wave Rider Buoy (WRB) data
available for the location. The ANN model is
trained using the oAshore wave and wind parameters as input and the simulated nearshore wave
parameters as target. LM algorithm is employed
for the training of the ANN. Performance of the
ANN model is assessed in terms of coefBcient of
correlation (R), SSE, MSE, RMSE and NRMSE.
The optimised ANNH, ANNT, ANNhmx and
ANNhmy models feature 15, 25, 25 and 30 neurons,
respectively, in their single hidden layer. The ANN
model shows good generalization ability when
compared to the results of numerical simulation for
a period of 10 years. The coefBcient of correlation
between the numerical model results and the
ANNH and ANNT models are 0.99 and 0.97,
respectively. The coefBcient of correlation between
the numerical model results and combined output
of ANNhmx and ANNhmy models is 0.97. The
trained models are then used for simulating nearshore wave parameters for 40 years. The maximum
Hs at the nearshore location from 40 years’ ANN
simulation is 3.39 m. Hs exceeds 3 m only for 0.04%
of the time. The monthly rose plots clearly reveal
the seasonal variations in the wave climate. During
monsoon, waves feature a narrow range of Tp as
well as mean wave direction as opposed to the nonmonsoon period. While the methodology presented
here allows for faster reconstruction of long-term

time series of nearshore wave parameters, the
insights obtained in the nearshore wave climate
will enable better research on sediment transport
along this coastal stretch. The method is eDcient in
terms of computational eDciency and time
requirement.
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Appendix

The Cow chart of the algorithm for MATLAB program used for developing the ANN models.
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