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Abstract 
 

This paper presents a study of the various machine learning algorithms viz. Linear Regression, Logistic Regression, Support Vector Ma-

chine, Support Vector Regression and Extreme Machine Learning for the prediction of wave heights using data obtained from ocean 

buoys. The data from the ocean buoy number 62081 off the coast of Ireland in Europe has been chosen for study. It is found that the pa-

rameter of wind speed affects wave heights the most in comparison to other parameters. It is also observed that Extreme Learning Ma-

chine outperforms Support Vector Regression when classifying the data points as high tide or low tide. The MSE and CC parameters 

prove the suitability of Extreme Machine Learning over all the other algorithms discussed in this paper for the accurate prediction of 

wave heights. 
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1. Introduction 

The prediction of wave heights is instrumental in planning of off-

shore activities in the case of an emergency such as a tornado or 

tsunami. Complex numerical algorithms are used for the predic-

tion of wave heights in seas and oceans. In the past, several wave 

models have been numerically developed using the energy balance 

equation. Nonlinear wave interaction posed the greatest challenge 

in terms of analysis [1].  

The third generation wave models have utilized the components of 

the source function without any prior restrictions on the spectral 

shape. There is a huge scope for improvement of models for better 

representation of complex physical processes leading to waves 

generated by winds. With the advent of Machine Learning and 

Neural Networks, several algorithms have been devised in order to 

make faster predictions and they are also computationally effi-

cient. This article aims at optimizing the use of wave parameters 

for the prediction of wave heights in water bodies in order to fur-

ther assist offshore activities. There are no assumptions to be 

made, or boundary conditions to be considered in wave height 

prediction [3] using neural networks as opposed to using complex 

numerical models. The neural network does not recognize the 

physical phenomena. It establishes the relationships between in-

puts and outputs based on learning processes.  

Soft computing techniques namely, SVM, BNs, ANNs and ANFIS 

have been applied in order to determine wind height (WH) using 

existing wind speed data using a buoy at Lake Superior [5]. ANN, 

FIS and ANFIS have also been compared for wave height predic-

tion at Lake Ontario. It was demonstrated that ANFIS yielded 

better results in comparison to ANN and FIS.  

Both the algorithms of BNs and ANFIS are used when the param-

eters of probability and confidence are both important for wave 

height prediction. Also, BNs and SVM are capable of handling 

uncertainties in the input-output pattern of variables under consid-

eration. BNs are applied in problems when the exact value of one 

(or more) input variables is not available, as opposed to, SVM, 

ANN and ANFIS [4, 5]. 

The first section of this article describes the theoretical back-

ground behind our proposed system and presents the algorithms 

used for the project. The second section presents in the detail the 

experiments conducted in order to predict wave heights using the 

machine learning algorithms. The third section is dedicated to 

discussion of the results achieved and a discussion on the perfor-

mance parameters. The final section concludes the article and 

presents the scope for future work in this area. 

2. Theoretical Background 

2.1. Spectral Energy Balance Equation 

The Spectral Energy Balance equation which is represented in 

Equation (1) forms the basis for the numerical model for wave 

height prediction. 

It is represented as: 
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 is the spectrum of the wave which depends on 

the frequency f and the direction of propagation,   . The net 

source function is represented by S and it depends on the factor 

inS  , which are the external wave making factors such as local 

wind and local current, 
nlS  is the non-linear energy conduction by 

wave-wave interactions and dsS  the dissipation related to wave-

disperse processes and its reaction with turbulence of the water 

layer on the surface. 
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2.2. Linear Regression 

Linear Regression is an approach for arriving upon a relation be-

tween a scalar dependent variable y and one (simple linear regres-

sion) or more (multiple linear regression) independent variables 

denoted as X. If the goal is prediction, or forecasting, or error re-

duction, linear regression can be used to fit a predictive model to 

an observed data set of y and X values. The least squares error 

approach is used to fit a line to a set of data point in Linear Re-

gression. The general hypothesis function for Linear Regression is 

represented as shown in Equation (2). 
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Here Ŷ  is the predicted value, 
10 ,   are the weights of the line 

and X is the set of input variables. The accuracy of the line fit 

can be estimated using a Cost function represented in Equation (3). 
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where,  ),( 10 J is the cost function, ii yy −ˆ  is the difference 

between the predicted and actual values of y. m is the number of 

data points available for fitting the line. 

2.3. Logistic Regression 

Logistic Regression is similar to Linear Regression in terms of its 

approach. The difference lies in the fact that curves other than 

straight lines can be fit using Logistic Regression. 

 The hypothesis function for Logistic Regression is given 

in Equation (4). 
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)( Xg T  represents the Sigmoid function such that the condi-

tions of Equation (5) get satisfied. 
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Similar to Linear Regression, even in Logistic Regression, a cost 

function is computed and the Gradient Descent algorithm is ap-

plied over the cost function to find the least cost fitting curve to a 

particular data set. 

In our article, both the algorithms of Linear and Logistic Regres-

sion have been explored and the detailed discussions of the results 

obtained are presented in Section 3 of this article. 

2.4. Support Vector Machine 

A Support Vector Machine (SVM) algorithm is used as a super-

vised learning model for classification and analysis of regression 

models. When a set of training examples is given to this algorithm, 

it performs binary linear classification on the dataset. SVM is also 

capable of performing non-linear classification using a kernel trick 

by mapping inputs into higher dimensional feature spaces. The 

Support Vector Clustering algorithm utilizes the statistics of sup-

port vectors, developed in the support vector machines algorithm, 

to categorize unlabeled data. It is widely used for industrial appli-

cations. 

 

 

 

 

2.5. Support Vector Regression 

Given a training data set ),),...(,{( 11 nn yxyx where, the set X 

denotes the inputs, then the goal of Support Vector Regression 

(SVR) is to find a function f(x) such that it has utmost ε deviation 

from the actually obtained targets iy for all the training data and 

is also as flat as possible [7].  

The performance of SVR is determined by the shape of the kernel 

function and other parameters which could represent the noise in 

the training data. Advanced methods using Bayesian networks 

could be employed to determine the noise parameters in the train-

ing dataset.  

2.6. Extreme Learning Machine 

Extreme Learning Machine (ELM) is a branch of ANN which uses 

feed forward networks for the processes of classification and re-

gression and other complex machine learning functions [2]. The 

hidden nodes of these networks could be assigned weights on a 

random basis and may never be updated or could be inherited 

from their ancestors.  

According to their creators, these models are able to produce good 

generalization performance and learn thousands of times faster 

than networks trained using backpropagation. In literature, it also 

shows that these models can outperform support vector machines 

(SVM) [8]. 

The upcoming section of this article presents the experimentation 

carried out to predict the wave heights of the ocean, off the coast 

of Ireland, using data from ocean buoys present in the area.  

3. Ocean Wave Height Prediction 

EMODnet is a data portal for Europe which provides aspiring 

researchers with data related to oceanic activities around Europe. 

This data is gathered by placing ocean buoys in-situ which col-

lect information about wind temperature, atmospheric pressure, 

wind speed etc. which are crucial parameters in predicting the 

height of the waves. 

One such ocean buoy number 62081 as shown in Figure 1 has 

been used to tap data related to the ocean off the coast of Ireland. 

The data collected by these buoys is in real time and is available 

in NETcdf file format. The NETcdf library of MATLAB has 

been made use of for the analysis of this data. 

 

 
Fig 1: Ocean buoy 62081 off the coast of Ireland used for data extraction 

The list of parameters which are obtained by the ocean buoy are 

listed in Table 1. 

Table 1: Ocean buoy Parameters 

S. No. Parameter Name 

1 Wave Height 

2 Air Temperature 

3 Wind Speed 

4 Sea Temperature 

5 Atmospheric Pressure 

6 Water Conductivity 

7 Wind Direction 

8  Salinity 
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The dataset was formed with the varied input parameters as X and 

ocean wave height as the output parameter. For linear regression, 

the three datasets which have been used are Wind Speed vs. Wave 

Height, Air Temperature vs. Wave Height and Sea Temperature vs. 

Wave Height.  

For logistic regression, a dataset of Wind speed, Atmospheric 

Pressure and Wave Height was used. The wave heights above 8 

meter were labeled as 1 and wave heights below 8 meter were 

labeled zero indicating 1 as the high tide and 0 as the low tide. For 

Support Vector Regression and Extreme Learning Machine, all the 

four parameters viz. Wind speed, Atmospheric Pressure, Air Tem-

perature and Sea Temperature were loaded as the inputs along 

with the targets. This dataset was named as the training data set. 

The trained model was further tested on the test data. For Extreme 

Learning Machine, all the data was normalized. 

Figure 2 below depicts a flow chart which gives the general flow 

followed in this project for the prediction of ocean wave heights.  

 
Fig 2: Flowchart depicting the project flow 

4. Results and Discussion 

This section of the article presents the results of the predictions 

and correlations obtained. The Linear Regression algorithm was 

first implemented on the data set by using the individual 

parameters listed in Table 1 as inputs X versus the Wave height. 

The importance of the parameters was assessed by looking at 

performance metrics of Root Mean Square Error (RMSE) and 

Correlation Coefficient (CC).  

The Logistic Regression Algorithm was also implemented to 

perform a generalized prediction of ‘High vs. Low’ tide using two 

parameters namely Atmospheric Pressure and Wind Speed.  

To perform an Ocean Wave Height Prediction using all the pa-

rameters, the algorithms of Support Vector Regression and Ex-

treme Learning Machine were used. 

4.1. Results of Linear Regression 

The importance of the four parameters namely Air Temperature, 

Sea Temperature, Wind Speed and Atmospheric Pressure in wave 

height detection was evaluated using Linear Regression. Predic-

tions were performed using all the four parameters separately. To 

assess the performance, parameters of Root mean square error 

(RMSE), Mean square error (MSE), R squared and Coefficient of 

Correlation (CC) were used. Lower the MSE values, better the 

performance. Higher the correlation coefficient, better the perfor-

mance. Figure 3 illustrates the graph obtained plotting Wave 

height vs. Air Temperature. The conclusion drawn from Figure 3 

is that there is very low correlation between Wave Height and Air 

Temperature. Figure 4 describes the prediction of Wave Height 

using data of Air Temperature. As is clear from the figure, Air 

temperature has a very low correlation with wave height. 

 

 
Fig 3: Linear Regression model of Wave Height vs. Air Temperature 

 

 
Fig 4: Wave height prediction using Air Temperature 

 

Similar to the results obtained in Figures 3 and 4, Linear regres-

sion and predictions were performed for Wave Height vs. Atmos-

pheric Pressure (Figures 5 and 6), Wave Height vs. Sea Tempera-

ture (Figures 7 and 8) and Wave Height vs. Wind Speed (Figures 

9 and 10). As is clear from Figure 5 and 6, there is not much cor-

relation between Wave Height and Atmospheric Pressure.  

 

 
Fig 5: Linear Regression model of Wave Height vs. Atmospheric Pressure  
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Fig 6: Wave height prediction using Atmospheric Pressure  

 

In the case of Wave Height vs. Sea Temperature a negative corre-

lation is obtained as depicted in Figure 7. Figure 8 depicts a bad 

prediction of wave height using only sea temperature. 

 
Fig 7: Linear Regression model of Wave Height vs. Sea Temperature 

 

Finally the plot of Figure 9 gives a positive correlation between 

Wave Height and Wind speed. Figure 10 also illustrates a good 

prediction of wave height using wind speed only. 

Therefore, it was concluded that of all parameters, Wind Speed 

has the highest correlation with Wave heights. Table 2 describes 

the comparative analysis of the aforementioned results. 

 

 Fig 8: Wave height prediction using Sea Temperature 

 

 
Fig 9: Linear Regression model of Wave Height vs. Atmospheric Pressure 

 

 
Fig 10: Wave height prediction using Wind Speed 

Table 2: Comparative Analysis of parameters affecting Wave Heights 

Parameter RMSE R squared MSE CC 

Wind Speed 1.2366 0.50 1.5292 0.6354 

Atmospheric 

Pressure 
1.3413 0.41 1.7911 0.3977 

Air Tempera-

ture 
1.6063 0.16 2.5801 0.1711 

Sea Tempera-

ture 
1.5763 0.19 2.4847 0.0388 

4.2. Results of Logistic Regression and Support Vector 

Machine 

A general classification boundary was generated for the data 

points using two parameters namely Atmospheric Pressure and 

Wind Speed. A wave height of below 8 meters was classified as 

‘0’ and the rest of the data points were classified as ‘1’. Figure 11 

depicts the classification results obtained by pure Logistic regres-

sion to classify the data wave heights as high tide or low tide. 

Figure 12 depicts the classification results of the same dataset 

using Support Vector Machine. This shows a higher accuracy in 

classification in comparison to Logistic Regression. Figure 13 

depicts the classification of the data points which was performed 

using Gaussian Kernel Support Vector Machine. Of all three 

methods, the latter showed the best results in terms of accuracy of 

classification.  

 

 
Fig 11: Classification of High Tide and Low Tide using Logistic Regres-

sion 

 

 
Fig 12: Classification of High Tide and Low Tide using Linear Support 

Vector Machine 

 

 
Fig 13: Classification of High Tide and Low Tide using Gaussian Kernel 

Support Vector Machine 

 

Table 3 illustrates the consolidated results of all three algorithms. 

4.3. Results of Support Vector Regression 

The performance of the Support Vector Regression (SVR) was 

analyzed using the parameters of Mean Square Error (MSE), Co-
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efficient of Correlation (CC) and Epsilon Loss Insensitive Value 

(EL) on the data collected from the buoy. A higher value of EL 

indicates a higher tolerance towards errors.  
 

Table 3: Accuracy of classification of High tide and Low tide data 

Algorithm Classification Accuracy 

Logistic Regression 85% 

Support Vector Machine 84.8% 

Gaussian Kernel Support Vector 
Machine 

88% 

  

It was observed that by increasing the epsilon value the accuracy 

of the classification results increased considerably. This is illus-

trated in Figure 14 and the values of the corresponding parameters 

are tabulated in Table 4. 

 

 
Fig 14: Support Vector Regression plot: Predicted vs. Actual data 

 

Table 4: Parameters of Support Vector Regression 

Epsilon Value MSE CC EL 

0.1 0.6564 0.4291 0.3228 

0.3 0.6477 0.4358 0.4654 

4.4. Results of Extreme Learning Machine 

The Extreme Learning Machine algorithm was applied to the 

problem of classification of high tide and low tide. An ELM of 40 

hidden neurons was used with a Sigmoidal activation function. 

The MSE obtained by this was 0.1321 with a CC of 0.6. Figure 15 

showcases the result of the predicted output. Table 5 tabulates the 

comparative results of SVR and ELM. 

 
Table 5: Comparative Results of SVR and ELM classification 

Algorithm MSE CC 

SVR 0.6477 0.4358 

ELM 0.1321 0.6690 

 

The low value of MSE and high value of CC lead to the conclu-

sion that, ELM outperforms all the other algorithms viz. Linear 

Regression, Logistic Regression, Support Vector Machine and 

Support Vector Regression. Table 6 illustrates the comparative 

analysis of the number of false positives and false negatives in the 

predictions made by ELM and SVR. In this table also, ELM out-

performs SVR. 

 

 
Fig 15: Extreme Learning Machine plot: Predicted vs. Actual data 

 

Table 6: Comparative Results of False Positives and False Negatives for 

SVR and ELM classification 

Algorithm False Positives False Negatives 

SVR 64 11 

ELM 71 4 

  

5. Conclusion and Future Work 

This paper presented a study of the various machine learning algo-

rithms which can be used for the prediction of wave heights using 

data obtained from ocean buoys. The data from the ocean buoy 

number 62081 off the coast of Ireland in Europe was chosen for 

study. This buoy provided data for the parameters tabulated in 

Table 1. The individual parameters were plotted against wave 

height using a Linear Regression model and it was observed that 

the parameter of Wind Speed affected the wave height the most 

when compared to the other parameters. An analysis of the results 

obtained from Logistic Regression, Support Vector Machine and 

Gaussian Kernel Support Vector Machine was performed to clas-

sify the wave height data as either high tide or low tide. It was 

observed that, the Gaussian Kernel Support Vector Machine pro-

vided the highest accuracy of 88%. 

The parameter of Epsilon Loss was explored for the algorithm of 

Support Vector Regression and it was observed that the accuracy 

of the classification increased by increasing the value of epsilon.  

Finally, the Support Vector Regression algorithm was compared 

with the Extreme Learning Machine algorithm and it was ob-

served that the latter outperformed the former in terms of MSE, 

CC and False positive and negative numbers. 

This work can be further extended to perform a generalized 

prediction using Reinforcement Learning over all water bodies. 

Further, the next aim of this work should be to attain more 

accuracy in prediction. The world is facing a lot of problems 

because of which the water levels in the seas and oceans are 

rising. If the rise in these levels could be predicted accurately well 

beforehand, then a number of catastrophes could be prevented or 

mitigated. 
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