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Abstract

The intense increase in offshore operational activities warrants periodical
and accurate prediction of the wave characteristics. Usually, complex numerical
models that require high computational power are used in this prediction. To
overcome these challenges of these numerical models, in this paper, we propose
the use of an ensemble of Extreme Learning Machine (Ens-ELM) to predict the
daily wave height. We exploit the randomness of initialization in ELM to obtain
better generalization performance. This is done by constructing an Ensemble
of ELM, with the parameters of each ELM initialized in distinct regions of the
input space. For each sample in the data set, the output of the ELM with the
least mean square for each sample in the data set is reported as its output.
We study the performance of the Ens-ELM to predict the daily wave height in
10 stations of varying terrains from Gulf of Mexico, Brazil and Korean region.
The Ens-ELM network is trained using the past wave data and the measured
atmospheric conditions obtained in these stations between Jan 1, 2011 and Dec
31, 2014 and is tested with data in these stations between Jan 1, 2015 and Aug
30, 2015. In this study, the performance of Ens-ELM is evaluated in comparison
with ELM, Online Sequential ELM (OS-ELM), and Support Vector Regression
(SVR). From this study, we infer that the Ens-ELM out performs ELM, OS-
ELM and SVR in the daily wave height prediction.

Keywords: Wave characteristics, SLFN, Extreme Learning Machine, SVR,
OS-ELM.

1. Introduction

The intense increase in various offshore operations has spurred an interest
in accurate prediction of wave characteristics [1]. There has been widespread
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research in developing wave models and the guide to wave analysis and fore-
casting [2] from World Meteorological Organization classifies these models into
three generation of wave models. It also claims that the wave energy at a given
location is influenced by advection, external environment and dissipation and
that wave modeling is based on the spectral energy-balance equation defined as:

∂E(f, θ, t)

∂t
= S = Sin + Snl + Sds (1)

where E(f, θ, t) is the wave spectrum that depends on frequency f and prop-
agation direction θ. S is the net source function that depends on Sin, the exter-
nal wave making factors such as local wind and local current, Snl the non-linear
energy conduction by wave-wave interactions and Sds the dissipation related to
wave-disperse processes and its reaction with turbulence of the water layer on
the surface.

In numerical models, energy input term Sin is generally expressed as the
resonant interaction [3] and feedback [4] between waves and turbulent pressure
patterns in the air. The dissipation term Sds is usually formulated in the wave
model as a function of wave height [5]. Representation of the nonlinear term
Snl poses a tough challenge to the task of wave modeling [2], [6], [7]. While the
most primitive methods of wave models did not have an accurate representation
Snl, parametric, analytic and numerical approximations were adapted to repre-
sent this term in the latter methods. Wave models using numerical methods to
represent Snl include WAM [8], JONSWAP [5], SWAN[9], WIS, WAVEWATCH
III [10] etc. Despite the computational load and complexity ([11], [12], [13], [14],
[15]) involved in all these methods, the wave prediction by these models are not
accurate, and do not generalize over various oceans and seas. Therefore, there
is a need to develop computationally efficient nonlinear methods for wave mod-
eling and forecasting, which can be applied uniformly across different oceans
and seas. In recent years, there has been a tremendous increase in application
of soft-computing methods for prediction of wave height. Of the soft-computing
method, neural networks have the ability to approximate any complex nonlinear
process without priori system knowledge. They have been extensively used for
solving wave parameters prediction problems [16], [17], [18], [19], [20], [21], [22],
[23], [24], [25]. [7],[26], [27]. Numerous principles like resilient back propagation
[16], nonlinear autoregressive model recurrent algorithm [19] etc., are used to
deal this problem. Wave forecasting using neural network models are widely
reviewed in the literature [7], [21], [20], [23], [24], [25]. In [28], [29], [30], Adap-
tive Network-bases Fuzzy Inference System (ANFIS) is used to predict wave
parameters from data set consisting of wind and wave observations collected
from buoy 45012 in deep water location of Lake Ontario. However, the perfor-
mance of ANFIS deteriorates for wave heights above 1m. The performance of
Support Vector Machines (SVM), artificial neural networks (ANN), ANFIS and
Bayesian Networks (BN) in predicting wave heights at western Lake superior in
the United States of America (USA) is presented in [31]. The long-term predic-
tions of significant wave height at Northern North sea using BN and extreme
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value techniques has also been studied [32]. However, the soft attributes of BN
leads to ambiguity in the three parameters namely, location, scale and shape of
Generalized Extreme Value (GEV) distribution. In [33], rough set theory (RST)
has been used to predict wave height in Lake superior, USA. Performance of
RST exceeds SVM, BN, ANN and ANFIS, but it requires tedious mathematical
computations. A hybrid work using numerical wave models and typical ANN
has proven to improve the efficiency of the former [11], [34], [35], [36]. Notably
among these works, [37] recorded the ability of ANN in simplifying the tedious
and intricate calculations of the numerical models.

Soft-computing methods have also been efficiently used to reconstruct the
missing time series of ocean buoy data [38], [39]. X- band radar images are
used for prediction of near by wave field, but it is influenced by shadowing ef-
fects, radar location on offshore structures. The efficiency of significant wave
height prediction from X-band radar images is improved by combining these im-
ages with Support Vector Regression (SVR) and Multi-Layer Perceptron (MLP)
neural network [40]. The improvement in prediction accuracy is achieved at the
cost of need for reliable radar images that requires detailed simulation works on
wave field. In [41], a combined approach using genetic algorithm and ELM has
been used for significant wave height prediction, but the correlation coefficient of
prediction is fairly less. Eight different ordinal and nominal classifiers together
with SVR is used for prediction of significant wave height at 6h time-horizon
in [42]. Grouping Genetic Algorithm- Extreme Learning Machine (GGA-ELM)
approach is used in [43]. Although GGA-ELM has been shown to perform ac-
curate predictions, it requires careful selection of operators for GGA crossover
and mutation process. Moreover, [43] does not provide a generalized approach
that is uniform across all oceans and seas.

Earlier, it has been shown a maximum of N hidden neurons [44], [45], [46]
with randomly chosen radial basis function centers [47], [48], [49], [50], [51] is
sufficient to learn any function defined by N samples. These research findings
paved the way for the development of a computationally less intensive and a
fast learning Extreme Learning Machines (ELM). ELM uses analytical meth-
ods to determine output parameters of a feedforward network with randomly
chosen input parameters. The universal approximation capability of ELM has
been proved by illustrating the equivalent relationship between ELM and the
orthonormal method [52], [44], [53]. As the input parameters are chosen ran-
domly, the performance of ELM is heavily influenced by the choice of input
parameters and the number of hidden neurons. Researchers have attempted to
devise methods for optimum initialization of input parameters [54], [55], [56]
and to fix optimum number of hidden neurons [57], [58], [59], [60]. Further, pre-
vious studies have shown the advantages of ensembling several ELM to obtain
stable, generalized performance [61], [62], [63], [64], [65]. In [65], a cognitive
Ens-ELM classifier based on hinge loss error function has been developed for
steganalysis. The ensemble classifier combines the outputs of individual clas-
sifier by calculating the weighted sum of outputs of the classifiers for all the
samples. Ens-ELM methods have been used to solve regression tasks, too. For
example, an ensemble of ELM constructed by obtaining the mean of individual
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ELM is used to forecast the price of crude oil in [63]. Studies in [66], [67] show
that ensemble of extreme learning machines is more stable than a single extreme
learning machine. Ensemble learning in ELM has been widely reviewed in [68],
and it has been reinforced that the stability of performance in ELM is enhanced
through ensemble learning techniques.

In this paper, we use an Ensemble of ELM (Ens-ELM) to forecast wave
heights. We collect data across three distinct geographical locations of increased
offshore activity. Our regions of interest are: (a) Gulf of Mexico, (b) Brazil
and (c) Korean region. Initially, we locate stations of varying terrains in the
three selected regions. We collect six hourly data from these stations. The
data set used in this work covers different wind speeds such as gentle, breeze,
storm, hurricane, cyclones and typhoons. The Ens-ELM is constructed from
several individual ELM, each initialized in different regions of the input space.
The response of each ELM to each sample varies based on its initialization.
We identify the ELM with minimum mean square error for each sample, and
construct the ensemble by combining these ELM. At the end, the ELM that
does not contribute to the ensemble is pruned. Thus trained ELM is used
predict wave height at these stations for every 12AM based on the atmospheric
condition and wave height at 6AM, 12PM and 6PM. This study is localized to
the region considered. Thus, we predict the 24-hourly wave height at individual
stations, based on the earlier data.

This paper is organized as follows : In Section 2 we present a detailed de-
scription of the datasets used in this paper. Section 3 describes the Ens-ELM
predictor in detail. Performance of Ens-ELM in wave height prediction is studied
and results of this study is presented in Section 4. Finally, Section 5 summarizes
the study.

2. Materials

Marine data is usually acquired periodically at 6 hour intervals through ships,
ocean buoys and land weather stations. Remote measurements of surface wind
speed is enabled through microwave sensors such as scatterometers, radiometers
and radar altimeters from satellites. Of all these data, the data obtained from
moored ocean buoys are a reliable source of data owing to the following factors:
(a) Measurement errors in ocean buoys are carefully evaded through thoughtful
consideration of sensors location so as to avoid atmospheric exposure problems
(b) Calculation of the sampling and averaging periods considering the buoy
motion, (c) A priori calibration of multiple sensors that account for redundancy.

Considering the advantages of using data acquired through ocean buoys, we
collect ocean buoys data from the following locations to enable this study:

(a) Gulf of Mexico; Source: National Oceanic and Atmospheric Administra-
tion

(http://www.ndbc.noaa.gov/)

(b) Brazil Waters; Source: European Marine Observation and Data Network
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(http://www.emodnet-physics.eu/map/) and Pacific Marine Environmen-
tal Laboratory (http://www.pmel.noaa.gov/)

(c) Korean region; Source: European Marine Observation and Data Network

(http://www.emodnet-physics.eu/map/)

The measurements are in acceptable accuracy limits as specified by the Na-
tional Data Buoy Center which also meets World Meteorological Organization
(WMO) regulations.

Eight offshore stations at various terrains from the three regions are con-
sidered in this study. The details of the eight stations, including the latitude,
longitude, and water depth obtained from the various organizations listed above,
are presented in Table 1. From the table, it can be seen that the chosen loca-
tions are geographically widely distributed. Further, the water depths at these
stations range from as small as a few meters to a few thousand meters below
sea level.

Table 1: Details of the Selected Buoy/ Ship Stations

Region Station Latitude Longitude Water Type of Buoy Station Id
Location depth(m) / Ship

Gulf Mid Gulf 25.888 -89.658 3365 3-m Discus 42001
of East of 26.091 -93.758 3125.1 3-m Discus 42002

Mexico Brownsville
Texas

South of 27.907 -95.353 125 3-m Discus 42019
Freeport

Texas
East of 29.232 -94.413 83.2 3-m Discus 42035

Galveston
Brazil Rio Grande -33.434 -52.077 80 3-m Discus 31053

Do Sul
Rio Grande -28.492 -47.537 90 3-m Discus 31262

Rise
Korean Korea Strait 34 127.5 130 3-m Discus 22103
Region Tsushima 37.53 130 1729 3-m Discus 22105

Basin
Tsushima 37.46 131.11 2277 3-m Discus 21229

Basin
Yellow Sea 36.25 125.75 60 3-m Discus 22108

The data’s are selected , such that it covers wide range wind speeds such as
calm weather, tropical storms, cyclones and hurricanes. The various types of
wind relating wind speed to observed conditions at sea are represented by the
Beaufort number [2] defined by Francis Beaufort.

The study is conducted for the period between Jan 1, 2011 and Aug 30,
2015. The information of storms, hurricanes and cyclones that occurred during
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the year 2010 to 2015 in the each of these regions are collected from National
Hurricane Center and WMO as listed in Table 2. Although a number of param-

Table 2: List of Cyclones,Storms and Hurricanes (Period 2010-2014)

Region Year Period Name Type Max.Wind
Speed (Knots)

Gulf 2010 Jun 25-Jul 2 Alex Hurricane 87
of 2010 Sep 5-9 Hermine Tropical Storm 60

Mexico 2011 Jul 27-30 Don Cyclone 45
2011 Sep 2-5 Lee Tropical Storm 50
2012 Aug 21-Sep 2 Issac Cyclone 55
2013 Aug 25-26 Fernand Tropical Storm 50
2013 Sep 12-17. Ingrid Hurricane 75
2013 Oct 2-6 Karen Tropical Storm 55
2014 Sep 1-3 Dolly Tropical Storm 45

Brazil 2011 Mar 14 Arani Near Gale 29
Waters 2015 Feb 5 Bapo Hurricane 91
Korean 2011 Jul 21-24 Nock-ten Storm 65
Region 2011 Jul 27-Aug 15 Muifa Hurricane 95

2011 Sep 23-30 Nesat Hurricane 78
2012 Jul 14-20 Khanun Storm 52
2012 Jul 27-Aug 4 Damrey Hurricane 70
2012 Aug 17-Sep 1 Tembin Hurricane 78
2012 Sep 10-12 Sanba Hurricane 108
2014 Jul 2-13 Neoguri Hurricane 100
2014 Jul 16-26 Matmo Hurricane 70
2014 Sep 17-25 Fung-Wong Strong Gale 44
2015 Jun 25-Jul 12 Chan-Hom Hurricane 91
2015 Jul 29-Aug 12 Sudelor Hurricane 113

eters are available in the meteorological data for each of the selected stations,
only the parameters that are vital for wave generation, namely, the latitude and
longitude of the stations, wind speed [3],[4], [69], month, air to sea temperature
difference [2], water depth [70], [71], atmospheric pressure [72], [73], [2] wave
heights at previous 6th hour, 12th hour and 18th hour are used in this study.
We develop an ensemble of Extreme Learning Machine that is capable to pre-
dict the daily wave heights based on these parameters. In the next section 3,
we present the Ens-ELM predictor in detail.

3. Ensemble of Extreme Learning Machine Predictor

In this Section, we describe the learning algorithm of the Ens-ELM in detail.
First, we present the ELM algorithm in Section 3.1 and then describe the Ens-
ELM in Section 3.2.
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3.1. Extreme Learning Machine

ELM is a fast learning algorithm that uses analytical methods to determine
output parameters of a feedforward network with randomly chosen input pa-
rameters. For any data set with L training samples, {(u1,v1), · · · , (ut,vt), · · · ,
(uL,vL)}; ut ∈ <m, vt ∈ <n, the regression problem is defined as approximat-
ing the functional relationship f : ut → vt, as accurately as possible, enabling
output prediction for new samples with better accuracy. An ELM with m input
neurons and n output neurons is required to solve this regression problem.

Let us consider a feed-forward network with K hidden neurons. In the study
conducted in this paper, each neuron in the hidden layer employs the Gaussian
activation function. Therefore, the response of the k-th hidden neuron for the
t-th sample is:

htk(ut,µk, σk) = exp

(
−
(

(ut − µk)T (ut − µk)

2σ2
k

))
; k = 1, · · · ,K (2)

where, µk ∈ <m is the Gaussian center of the k-th hidden neuron, and σk ∈ <
is its width.

The neurons in the output layer of the ELM are linear. Hence, the output
of the l-th neuron for the t-th sample (v̂tl ) is given by:

v̂tl = wlkh
t
k; l = 1, · · · , n; k = 1, · · · ,K (3)

where wlk ∈ < is the output weight connecting the k-th hidden neuron and the
l-th output neuron.

Eq. (3) can be expressed in matrix form as

V̂ = WH (4)

where, W ∈ <n×K is the output weight matrix and the hidden layer output
matrix (H) is:

H (U,µ,σ) =

 h11(u1,µ1, σ1) · · · hL1 (uL,µ1, σ1)
... · · ·

...
h1K(u1,µK , σK) · · · hLK(uL,µK , σK)

 (5)

The objective of the ELM is to minimize the error between the actual and
predicted outputs. In other words, it has to estimate the optimal output weights
corresponding to the minimal error, i.e., Estimate W such that:

V − V̂ = 0 (6)

From Eqs. (4) and (6), the optimal output weight can be estimated as:

W = V H† (7)

The learning algorithm of ELM can be summarized as:
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1 Given a training data set {(u1,v1), · · · , (ut,vt), · · · , (uL,vL)}, choose the
number of hidden neurons (K)according to the incremental-decremental
procedure discussed in [74].

2 For each neuron, choose the Gaussian centers (µk; k = 1, · · · ,K) and
their width (σk; k = 1, · · · ,K) randomly.

3 Calculate the hidden layer output matrix (H) according to Eq. (5).

4 Estimate the optimal output weights (W ) using Eq. (7).

It must be noted here that the Gaussian centers of the hidden neurons (µk) and
their width (σk) are chosen randomly. As the performance of the ELM depends
on this random initialization, we present an Ens-ELM to improve the prediction
accuracy in Section 3.2.

3.2. Ensemble of Extreme Learning Machine

The generalized performance of ELM depends on the initialization of the
centers (µ) and width (σ). Therefore, by training multiple ELM initialized
in different regions of the input space, one can effectively improve the overall
prediction performance.

The block diagram of the proposed ensemble of ELM is presented in Fig. 1.
We first train M ELM, namely, {ELM [1], ELM [2], · · · , ELM [M ]} with all the
samples in the training data set. The Gaussian center and width parameters of
the neurons in the hidden layer for each ELM is initialized in different regions
of the input space. The ELM that presents the minimum mean square error
for each sample is identified. The networks those present a high error for all
the samples are discarded from the ensemble. The output of each ELM in the
ensemble are then combined using the min(MSE) function, which computes
the minimum mean square error for each sample.

In the following section, we present the performance study of the wave height
prediction of the Ens-ELM.

4. Performance Study

In this section, we present the performance study results for wave height
prediction in the 10 stations listed in Table 1 for the period between Jan 1,
2014 and Aug 31, 2015, located at the three independent regions, viz., Gulf of
Mexico, Brazil and Korean region. The total number of samples used in training
and testing in each region is tabulated in Table 3.

We perform two performance studies: First, we compare the performances
of Ens-ELM with state-of-the-art regression models in Section 4.2. The regres-
sion models used in comparison are Support Vector Regression (SVR), Extreme
Learning Machines (ELM) and Online Sequential Extreme Learning Machines
(OS-ELM). The number of hidden neurons and supprt vectors for all these net-
works are selected using a constructive-destructive procedure similar to that
presented in [74]. The upper bound on the number of hidden neurons is the
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Figure 1: Block Diagram of the Ens-ELM

number of distinct training samples, that is N ≤ K, where N is the total num-
ber of training samples. The number of ELM in the Ens-ELM is chosen based
on the distribution of samples. We first train a pool of 50 ELM (M = 50) with
data collected from each region. Of these, the ELM that consistently performed
poorly for all the samples are deleted from the pool. Several combinations of
type of SVR, and the kernel for SVR were studied and we chose the best per-
forming epsilon-SVR with an RBF kernel. The optimal values of epsilon and
gamma of SVR are chosen as 0.2 and 0.125 through a grid-search technique.
Secondly, we compare the wave height prediction performance of the Ens-ELM
with the numerical models in the literature listed in Section 4.1. In all these
studies, the Root Mean Square Error (RMSE) and the Correlation Coefficient
(CC) are used as the performance measures.

The RMSE represents the accuracy of prediction and is defined by

RMSE =

√√√√ 1

N

N∑
i=1

(vi − v̂i)
2

(8)

(9)
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Table 3: Training and Testing Sample Size

Region No. of Samples
Training Testing

Gulf of Mexico 4747 465
Brazil 638 66

Korean Region 3244 866

The CC measures the strength and the linear dependency of two random
variables. A CC greater than 0.8 is generally described as strong, whereas a
correlation less than 0.5 is described as weak. It is defined as:

CC =
Cov (v, v̂)√

V ar (v)V ar (v̂)
(10)

where Cov(, ) and V ar() refers to the covariance and variance operator, respec-
tively.

4.1. Performance study with state-of-the-art regression models

The number of hidden neurons (K), the Root Mean Square Error (RMSE)
and the correlation coefficients (CC) of OS-ELM, Ens-ELM, ELM and SVR are
presented in Table 4, where a indicates support vector in SVR.

From the table 4, it can be seen that Ens-ELM and OS-ELM predict the
daily wave height accurately compared with ELM and SVR. Of these two al-
gorithms, the Ens-ELM predicts the daily wave heights and peak wave height
more accurately than the OS-ELM. Thus, it can be inferred that the Ens-ELM
performs better than the OS-ELM, individual ELM and SVR in predicting the
daily wave heights in individual regions. Further, using the Ens-ELM for daily
wave height prediction avoids the tedious numerical integration and approxi-
mation approach of the existing numerical wave models and is also uniformly
applicable across different oceans and seas.

4.2. Comparison with existing works in literature

In this section, we compare the results of wave height prediction using Ens-
ELM and OS-ELM, with existing results in the literature for the stations consid-
ered in our study. Earlier, the wave height prediction performances of the sec-
ond generation numerical model WISWAVE, and the third generation models,
namely WAM and WAVEWATCH III, in stations 42001 and 42035 for October
1995 has been reported in [10]. In addition to these, the conventional MLP with
BP algorithm (MLP-BP) was used to predict wave heights at station 42035 for
Feb 2004 in [23]. As Ens-ELM and OS-ELM outperform the SVR and ELM
in the wave height prediction as shown in Section 4.1, we compare these re-
sults only with Ens-ELM and OS-ELM. The results for WISWAVE, WAM and
WAVEWATCH III are reproduced from [10] and that of MLP-BP is reproduced
from [23].
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Table 4: Performance Study Results

Region Station Algorithm K RMSE CC
SVR 283a 0.5721 0.8283

42001 ELM 700 0.4742 0.8018
OS-ELM 25 0.2307 0.9172

Ensemble ELM 55 0.1730 0.9591
SVR 283a 0.4936 0.8646

42002 ELM 700 0.2243 0.8878
OS-ELM 25 0.3092 0.9057

Ensemble ELM 55 0.2203 0.9501
SVR 283a 0.6858 0.8063

Gulf of Mexico 42019 ELM 700 0.2977 0.8481
OS-ELM 25 0.3961 0.8209

Ensemble ELM 55 0.3293 0.8660
SVR 283a 0.7247 0.7914

42035 ELM 700 0.1878 0.9363
OS-ELM 25 0.3886 0.8296

Ensemble ELM 55 0.2668 0.8921
SVR 571a 0.5512 0.9184

31053 ELM 150 0.3768 0.8794
OS-ELM 15 0.3941 0.8795

Ensemble ELM 15 0.3383 0.9207
SVR 571a 0.6775 0.8454

Brazil Region 31262 ELM 150 0.7820 0.7450
OS-ELM 12 0.6810 0.8352

Ensemble ELM 15 0.0093 0.9956
SVR 195a 0.5207 0.5865

22103 ELM 150 0.3843 0.7867
OS-ELM 25 0.3793 0.8615

Ensemble ELM 30 0.2277 0.9462
SVR 195a 0.7037 0.6624

22105 ELM 150 0.6586 0.8157
OS-ELM 25 0.6218 0.8353

Ensemble ELM 30 0.3808 0.9193
SVR 195a 0.6194 0.6511

Korean Region 21229 ELM 150 0.5199 0.8426
OS-ELM 25 0.3774 0.8600

Ensemble ELM 30 0.3466 0.9342
SVR 195a 0.4082 0.7298

22108 ELM 150 0.3616 0.8629
OS-ELM 25 0.3418 0.8872

Ensemble ELM 30 0.2117 0.9588

11



0 5 10 15 20 25 30 35 40 45 50
0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

days

W
a

v
e

 H
e

ig
h

t,
(m

)

 

 
measured
ELM
SVR
Ensemble ELM
OS−ELM
Predicted Peaks

Figure 2: Predicted Wave Height for the period between Jan 1, 2015 and Aug 30, 2015 at
station 42002, Gulf of Mexico

0 5 10 15 20 25 30 35 40 45
0.5

1

1.5

2

2.5

3

3.5

4

days

W
a

v
e

 H
e

ig
h

t,
(m

)

 

 measured
ELM
SVR
Ensemble ELM
OS−ELM
Predicted Peaks

Figure 3: Predicted Wave Height for the period between Nov 1 and Dec 13, 2011 at station
31053, Brazil Waters
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Figure 4: Predicted Wave Height for the period between Jan 1, 2015 and Aug 30, 2015 at
station 22108, Korean Region

The wave height prediction performances of the various models are compared
using the performance measures namely RMSE and CC. The RMSE and CC
of OS-ELM, Ens-ELM in comparison with those of the WISWAVE, WAM and
WAVEWATCH III for the stations 42001 and 42035 in October 1995, is shown in
Table 5. From the table, we can observe that the performances of OS-ELM and
Ens-ELM are almost similar to those of WISWAVE, WAM and WAVEWATCH
III in predicting wave heights at station 42001 in October 1995. Moreover, it can
also be observed that at station 42035, the OS-ELM and Ens-ELM outperform
the numerical models. It must also be noted that the numerical models involve
huge computational effort and requires high processing time [11]. This also
limits their ability to be applicable across different oceans and seas.

The wave height prediction performances of OS-ELM and Ens-ELM are
compared against that of the MLP-BP in station 42035 for February 2004, and
the results are presented in Fig. 4.2. The RMSE of the MLP-BP, OS-ELM and
Ens-ELM are 0.4305, 0.3047 and 0.1881, respectively. From the figure and
RMSE of the various algorithms, it can be seen that OS-ELM and Ens-ELM
outperform MLP-BP in the prediction of wave heights.

From the results in this section, we can observe that OS-ELM and Ens-ELM
outperform the existing method in literature for the problem of ocean wave
height prediction.
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Table 5: Comparison of OS-ELM and Ens-ELM with Numerical wave models

Station Id Model/Algorithm RMSE CC
WISWAVE 0.28 0.91

42001 WAM 0.26 0.91
WAVEWATCH III 0.28 0.90
OS-ELM 0.2541 0.9202
Ensemble ELM 0.2309 0.9495
WISWAVE 0.21 0.87

42035 WAM 0.21 0.86
WAVEWATCH III 0.24 0.83
OS-ELM 0.2344 0.8903
Ensemble ELM 0.1728 0.9307

0 2 4 6 8 10 12 14
0

0.5

1

1.5

2

2.5

days

W
a

v
e

 H
e

ig
h

t,
(m

)

 

 

measured

BP

Ensemble ELM

OS−ELM

Figure 5: Predicted Wave Height for Feb 2004 at station 42035, Gulf of Mexico

14



5. Conclusion

In this paper, we develop an ensemble of Extreme Learning Machine (Ens-
ELM) to predict the daily wave conditions at 10 different stations from the
Gulf of Mexico, Brazil and Korean region. We construct an Ens-ELM, each
with input parameters initialized at different regions of the input space. For
each sample in the training data set, the ELM that produces the least mean
square error is identified, and the output of that ELM is considered as the
output for that sample. Thus, the randomness of the initialization in ELM
is exploited to achieve superior generalization performance. The network is
trained using the past wave data and the measured atmospheric conditions
obtained from the selected stations between Jan 1, 2011 and Dec 31, 2014 and
is tested with data in these stations between Jan 1, 2015 and Aug 30, 2015.
The performance of the Ens-ELM in predicting the daily wave height in these
stations is studied in comparison with those of SVR, ELM and OS-ELM. From
this study, we infer that the Ens-ELM outperforms OS-ELM, ELM and SVR
in the daily wave height prediction. The results of Ens-ELM also outperforms
results in [23] and numerical second, third generation wave models. The future
work scope involves in prediction of wave height at any time of the day and
also in developing a network that is location independent and universal for any
sea states. This work shall be extended to other major offshore activity regions
across the world to enable support in off-shore operations and marine control
applications.
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