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to estimate wave parameters 
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Abstract: High-frequency (HF) radar systems are used to provide measurements 

of waves, winds and currents from the sea. By the Doppler Effect the radars 

interpret the backscattered signal from the sea surface. This information is 

condensed in the Doppler Spectrum. From this spectrum, mathematical algorithms 

extract information such as wave height, wave direction or wave period. The neural 

networks are an experimental and theoretical method which was born in 1943 and 

it was always used for academic purposes (investigation, teaching). Its applications 

cover a wide range such as optimisation and scheduling, pattern recognition or 

even virtual reality. In this project, neural networks are used to estimate wave 

measurements from the Doppler Spectrum, in order to compare their accuracy with 

the existing mathematical algorithms. 

 

I. Introduction 

 

High-frequency radars (HF) are usually located on the coast, transmitting radio waves 

towards the sea surface and receiving the backscattered signal. The radar system is 

based on the Doppler Effect to gather a lot of information about the waves, winds and 

currents. All this information is condensed in a power spectrum called the Doppler 

Spectrum.  

Currently, there are several mathematical methods like dual radar inversion (used in 

Wyatt 2002) to find relationships between the Doppler spectrum and ocean wave 

measurements. Some of these involve the integration of a piece of the Doppler power 

spectrum. With them we are able to find what would be the wave height or the direction 

of the waves in a particular moment.  

Here an alternative method to these mathematical algorithms is going to be 

implemented, the neural networks theory. The neural networks are a computing 

engineering method to approximate functions and algorithms imitating the brain’s 

structure and performance. Once the theory is well known, they are easy to use and 

quick. The advantage of the neural networks is that they can learn the function by 

themselves using the data from the radar. 

This project is aiming to perform a study of the radar system, mostly focused on the 

Doppler Spectrum, as well as neural networks theory. These study in necessary to make 

several experiments that test how neural networks could do the task of estimating wave 

parameters. Task done by these mathematical methods that already exist. 

ç There is a buoy which is floating 60Km offshore, it registers the ocean data that will 

be estimated in this project. This buoy will be used to test the results of the experiments 

as well as to the neural networks learning process. 
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II. Background on radar 

 

II.1 Introduction 

 

The Doppler Effect means that these

different frequency (higher or lower) than the radar transmission frequency. The amount 

of this increment or decrement is related to the speed of the 

also if it is moving away or towards the radar. 

produce the power spectrum. This spectrum is called the Doppler Spectrum

source of data for the experiments on this project.

In this project the measurements 

values. 

This particular radar is gathering the data hourly, which means one different Doppler 

Spectrum per hour. The buoy gathers the data each half hour.

 

II.2 The Doppler Spectrum

The Doppler Spectra are created with measurements of the voltage through time. See 

Figure 1 for an example of a spectrum.

Those measurements are in a linear scale. Moving the scale to

(decibel) could be helpful when a graphical study of t

range... ). That is because

amplitudes than the peaks. 
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Background on radar and buoy system 

means that these radio waves are being backscattered at a 

different frequency (higher or lower) than the radar transmission frequency. The amount 

of this increment or decrement is related to the speed of the scattering ocean 

also if it is moving away or towards the radar. Then, the received signal is processed to 

the power spectrum. This spectrum is called the Doppler Spectrum

source of data for the experiments on this project. 

measurements made by the buoy are considered as the “real” 

This particular radar is gathering the data hourly, which means one different Doppler 

Spectrum per hour. The buoy gathers the data each half hour. 

The Doppler Spectrum 

The Doppler Spectra are created with measurements of the voltage through time. See 

for an example of a spectrum. 

Those measurements are in a linear scale. Moving the scale to a 

could be helpful when a graphical study of the regions is needed (shape, 

That is because the frequencies of interest therein have much smaller 

 

 
Figure 1: Doppler Spectrum. The shaded parts are: the first 

order regions (black), the second order regions (dark grey) 

and other regions not used in this experiment 
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Each Doppler spectrum has two first order peaks (see black shaded regions in Figure 

1), which are much higher than any other value in the dataset and are located usually, 

symmetrically to zero (there are cases in which the spectrum is displaced due to currents 

and the centre of symmetry is different from zero). One of these peaks in a negative 

frequency and the other in a positive.  

One of the first order peaks is greater than the other, that is how we know whether the 

waves are going towards the antenna (when the positive frequency peak is larger) or are 

moving away from it. There are two instead of one because there are always waves in 

both directions.  

There are four second order regions, two around the largest peak (see light grey 

regions in Figure 1) and two more around the other one. 

The first order peaks give us information about winds and currents. The second order 

regions give information about the wave height, direction and periodicity of the waves. 

 

II.3 Broadcast frequency vary along the day 

Usually to avoid interferences, the radars’ broadcast frequency is modified during the 

day to avoid noise from influencing the measurements. It has to be taken into account 

that different frequencies make the second order regions higher or smaller for the same 

wave height. (See Wyatt et. al. 2006 p.820). Note that not all radars use variations of 

frequency. Therefore, including the frequency in the experiments is important. 

 

II.4 Why do we choose the largest peak 

When taking into account the second order regions or integrating the first order 

region for calculations and estimations, is always chosen these regions around the 

largest peak. 

The reason for this is that there could be a special condition in which, when the 

antenna is looking to (receiving frequencies from) a certain point of sea surface the 

signal may be jammed with the frequencies backscattered from another near point with 

waves travelling in opposite direction. In this case the largest peak of the spectrum of 

this second spot adds noise to our small first peak. As they are in the same Bragg 

frequency they sum each other and the information is not clear. This will not happen 

with the greater peak because is always equal or higher than the other one and will not 

be confused. 
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II.5 Direction shown on Doppler Spectra 

Depending on the direction, the second order regions are different. When a wave is 

moving towards the radar, the right 2
nd
 order region is greater than the left one, and vice 

versa. That could improve the results on wave height prediction so is a reason to include 

direction information into the network  

Figure 2 Is an example of how the Doppler spectra shows the direction of the waves. 

These two spectra are from the same point at the same date and time, showing that 

waves are moving towards Nabor Point (if we look at Figure 2, left, the dashed arrow 

has a positive slope) and away from Castlemartin. If the data from buoy is analyzed, for 

this date and time, the peak direction was 343.12? which, looking at the grey dashed 

arrow on Figure.3, are waves that are moving roughly in a south-west direction, which 

is towards Nabor Point. This fact actually proves that the direction is clearly registered 

by the radar system in its Doppler spectrum. 

 

Figure 2: Doppler spectra, looking at a range of 60km (where buoy is located) belonging to the same date 

and time (1-Feb-05, 10:00). The black arrow shows that there is a difference of height between the 1
st

 order 

peaks, the dashed-line-arrow shows the difference of height between the 2
nd

 order peaks. 

 

II.6 The waves direction ambiguity  

There is a ambiguity problem 

that depends on the direction of 

the waves, this is because for the 

same wave height, when it is 

moving towards or away from the 

radar, a larger signal is received 

than when it is moving 

perpendicular to it (Wyatt, 2002). 

In Figure 3 the lines that join 

each radar with the buoy are the 

radar beams and are forming a 90⁰ 
angle. It follows that when a wave 

is travelling away/towards one 

radar it is moving perpendicular to 

the other. 

In Wyatt (2002) it was shown that 

two algorithms were needed to 

estimate wave height because of 

the reason mentioned above. To 

separate the data from both radars, 

the peak direction given by the 

buoy is used. The set of perpendicular values is between ±10⁰ around the exact 

perpendicular direction (along each radar beam).  

Figure 3: location of the buoy (in the centre of the compass) and 

the two radar systems in the Celtic Sea. The dashed black line 

shows the direction of the waves that are perpendicular to Nabor 

Point, the solid line shows the same to Castlemartin. The buoy 

registers where the waves are coming from, the arrows are 

supporting the numbers and clarifying which of the two possible 

directions correspond to a number of degrees. The dashed grey 

arrow shows a specific direction used above 
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III. Background on neural networks 

III.1 Introduction 

A neural network is traditionally the way we describe our brain structure. It operates 

using roughly a hundred billion of single units called neurons that basically have a 

number of inputs and a number of outputs, those outputs will be the inputs to another 

neuron. Its basic function is to send or not a signal (electric pulse) to other neurons, this 

response is based on the inputs it receives and some processing inside the neuron. The 

neurons are connected each other with paths that are weighted so a neuron could “pay 

more attention” to the information that comes from one certain neuron than from other.  

In computational issues, the so-called artificial neural network is just trying to imitate 

this behaviour mentioned above. Computer programs implement some maths that model 

what is inside a biological neuron. So therefore, there are artificial neurons, artificial 

weights between them and at last, an artificial network (see Hernández, 2009). 

III.2 A neuron 

A neuron is an element that processes the signals from other neurons in order to give 

a response. The process inside a neuron will be explained with an example (see 

Sawaqed 2009): 

 
Figure 4: An example of an artificial neuron 

Figure 4 is showing the elements that form the neuron. X1 and X2 are the inputs, 2 

and 7 would be the weights associated to each input, 1 would be the threshold, �ET is 

the weighted sum of the inputs plus the threshold, y is the output and  is the 

activation function (AF) and receives NET as a variable. 

The formula that outlines the picture is � = ��(��	), where NET= 2 ∙ � + 7 ∙ � −
1. 

There are several kinds of activation functions, the sigmoid function (see Figure 5) 

is the function that the neural network used in this project (the multi-layer perceptron) 

has got implemented. 

 
Figure 5: The sigmoid function as an 

activation function 
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III.3 The network 

There are many kinds of artificial neural networks. The multilayer perceptron (MLP) 

is one of them and (see Mastinu et. al. 2006) it is an universal approximator which is 

able to find non linear relationships between inputs and outputs, being multipurpose is 

what makes it interesting in this project because they are very useful when the designer 

has little knowledge about the form of the relationship. 

MLP is a neural network where the neurons are distributed in several layers. These 

layers can be classified in three kinds (see Figure 6): 

• Input layer: Formed by those neurons which just introduce the input patterns 

into the net. In these neurons there is no computing at all, their job is to receive 

signals and propagate them to the next layer. 

• Hidden layers: Composed by those neurons which take the outputs of previous 

layers, process the data and send them to following neurons.  There could be 

several hidden layers. 

• Output layer: The neurons in this layer don’t make any changes in the received 

data from outputs of the last hidden layer, just serve it as an output. 

In MLP, each neuron is connected to all neurons of the following layer. This is called 

total connectivity. MLP is a feedforward network, which means that one neuron is 

connected only to the neurons of the next layer. 

 
Figure 6: A generic MLP. X = [x1...xi...xp] is the input vector, Y = [y1, yk, ym] is the output vector. 

Each σ represents a neuron as well as each •. And W
h
 to W

y
 are the different weight vectors 

from one layer to another. Arrows are showing the direction of the data flow. 
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III.4 Other concepts 

III.4.1 Design 

In the MLP, the number of input and output neurons depends on the problem, e.g. if 

we are trying to approximate a two-variable function �(, �) = �, then, the network 
would have two neurons in the input layer (x, y) and one in the output (z).  

There is not a method to find the precise number of hidden neurons and its 

distribution in different hidden layers, different approaches are discussed in section 

III.5. 

III.4.2 Training 

Once the design of the MLP is made then the network has to be trained before 

trusting on its results. 

Training is a process where the network “learn” the function that it is trying to 

approximate. During the training process, the weights of the links between neurons are 

modified. The amount of this modification is related to the error of the prediction, 

which means that proved examples are needed. The aim is to get the lowest possible 

error.  

An example is a vector with a certain value of which outputs correspond to which 

inputs e.g.: for a network with three inputs and two outputs, an example would be 

(0.99,0.78,0.1,1,0). That is why that an external source is needed to know the outputs. 
With lots of these vectors the network takes one by one and modifies the weights with 

each error. 

should probably include a summary of NN defining neurons, nodes, layers etc for the 

reader. 

III.5 Choosing configuration of hidden layer 

Underestimated number of neurons could lead to poor approximations and excessive 

nodes could result in a non-global minimum in the error function and more 

computational resources (See Camargo et. al., 2001) . 

There is an empirical method which guides on how to choose this number. This 

method makes small increases on the neurons of the first hidden layer (one or two 

neurons at once) until we reach a number that which is not more than twice the number 

of inputs (Swingler, 1996). 

Blum and Li (1991) stated a rule of thumb which tells us how many neurons we have 

to use in first place, it should be the half of the sum of the inputs and outputs located in 

one layer. 

As it is said in [2] all this rules/methods are trying to mix a little bit of theory with 

trial/error. These rules do not take into account the number of training cases or the 

complexity of the function. 
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There are more serious and complex methods to do this task. In Silvestre et. al. 

(2008) a clustering method is used to define the number of hidden neurons basing on the 

inputs, they use clustering techniques to group the input data and then analyze the 

hyperplanes that are separating this groups. In Camargo et. al.(2001) is said that a 

polynomial function could be approximated with a three layered network, and using 

Chebyshev polynomial interpolation given a certain degree of accuracy they were able 

to find the size of the hidden layer. Other example is in Huang et. al. (1990) where they 

resolve the problem of finding an upper bound of the number of hidden neurons using 

the equations inside the network and finding the number for different configurations 

given a certain error. In Belanche et. al. (2006) feature selection techniques (in this case 

Heuristic search) are used to find a suitable subset from a set of features.  

In this project those complex techniques will not be used because they require an 

advanced knowledge in Neural Networks theory. Instead of them, the approaches 

mentioned above (Blum and Li (1991) and Swingler (1996) ) will be used to design the 

MLP structure. 

 

IV. Methodology of work 

 

This section tries to show how the experiments are performed as 

well as some calculus that are general for all of them. 

The radar is gathering one different Doppler Spectrum each hour, 

and the buoy measures all the parameters that will be estimated each 

half hour, but each Doppler Spectrum has to have the same date and 

time than the measurement made by the buoy to link the data, so 

from the buoy just the half of them are needed. In each experiment 

the specific data needed from the spectrum is explained, but all of 

them entails the integration of a piece of the spectrum, which is 

explained below. 

 

The integral of the second order regions (dark grey in Figure 7). 

Five frequency points in the spectrum need to be indentified (see 

Figure 7). The first one is fb which is the frequency where the largest 

first order peak is located, the bragg frequency. Then, there are both fl 

and fr which are the left and right bounds of the first order region.  

The other two values, fr2 and fl2 are obtained with a different process, according to fb. 

They are located at ±60% of the bragg frequency, see the equations below. 

��2 = �� + �� ∗ 0.6 

� 2 = �� − �� ∗ 0.6 

Since an integral cannot be done because the radar supplies a discrete variable, the 

integral is substituted with a sum over a sub-range of these values, the process follows 

the equations below. The sums are normalized by the sum of the first order region (see 

Wyatt 2002 p.209). 

 

Figure 7: Largest peak of 

the Doppler spectrum 

from Figure 1 . The 

arrows show the points 

needed. 
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To get the left second order region,  
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 and the right one 
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 D(x) is 

representing the Doppler Spectrum. 

 

There is another data extracted from the spectrum, the first moment of the second 

order regions from the bragg frequency. It is obtained as follows: 

For the left second order region, 
∑ [#(*+)∙(*,-*+)]

%&
%&'

∑ #(*+)%&
%&'

 and for the right 

one 
∑ [#(*+)∙(*+-*,)]

%('
%(

∑ #(*+)%('
%(

. 

Once all the data that is going to be needed in each experiment is identified, computer 

programs are found really useful to extract this data automatically. All these programs 

are implemented in Java, however any multipurpose language could do the work. 

Basically all the programs read the Doppler spectrum data set (consisting of 1024 

power values) from the radar files, where the info is dumped (one file per hour), and 

store it into a vector. This vector is read all over to find the maximum and then, read 

from the position where the maximum is to the left until the values stop going down. 

The same is done with the right side. That is how fb, fr and fl are located. 

Once the five points explained above are found, then another subroutine to integrate 

receives the vector with all the values and the bounds of the integration (it could be fl – 

fr or fl2 – fl1 etc.) and it just sums the values between them, dumping the result in other 

file. Then the same operation is done with another radar file (next hour) until all are 

used (in the case of this experiment, the data is from all February 2005). With the buoy 

files, only extracting the values is needed. After both radar data and buoy data is 

dumped, it is all joined together in one file, each row of this file is actually a learning 

example for the neural network. This data is used either for the training of the networks 

and to make the plots and graphs that help to analyze the results of the experiment. 

Before training the network, some pre-treatment of the data is required, data has to be 

normalized. There are many reasons to normalize the data. In Sola et. al. (2007) it is 

pointed out that the reason is to improve the performance of the training process and 

reduce significantly the calculation time. Is also said in Sola et. al. (2007) that some 

sigmoid functions used in the neuron need an input value between zero and one. 

In this project, all data is normalized by the formula /0
1234 =

/0-501(/)

567(/)-501(/)
 where /0

1234 is the 

normalized value of /0 and Max(X) is the max/min of the whole X dataset. That formula 

keeps the values from zero to one. Keeping the Max(x) and Min(x) makes it possible to 

invert the process. This formula performs a linear conversion that assigns the same 

absolute value to the same relative variations and therefore, is a good normalization (see 

Sola et. al. 2007). 

The SNNS (Stuttgart neural network simulator, see [3]) is used in this project to 

perform the experiments. This software allows to create many kinds of neural networks 

as well as follow the training process. In particular, just the MLP sections are used. 
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Finally there are two steps during the experiment. The fist one is to select the optimal 

number of neurons in the neural network (NN), for this a comparison table would be 

created and will have the different errors of the different networks tested following the 

method explained in section III.5. In this table the configuration of the network is 

outlined with a sequence of numbers and hyphens, e.g. three inputs, two hidden layers 

with ten neurons each and one output would be 3-10-10-1.  

The second step is to generate another table which outlines the results of the chosen 

network, this table would contain statistics about the prediction errors. This will be very 

useful to compare the network performance with current methods. 

After the first experiment, was noticed that perhaps, just taking the Mean square error 

(MSE) could lead to a mistake in choosing the best network. For that reason, the mean 

error was included in the following experiments, in the sense that if it is zero then, there 

is no BIAS and the results could be more reliable. 

 

V. Experiments 

 

V.1 Wave height estimation 

Wave height is estimated from the integrated second-order peaks of the Doppler 

Spectrum (see section IV, and Wyatt 2002). 

Note that in the conclusions (see section VI) it is proposed to be predicted (with other 

parameters) using both radars data in the same network. 

 

Figure 8: Integrated second order region used in the wave height estimation, plotted against buoy 

measurement. The data of the Y axis is already normalized. 

Figure 8 show that the higher wave height is measured, the higher power is 

registered, this follows a curvilinear relationship.  

The neural networks must have three inputs (both second order regions and according 

to section III.3, the frequency) and one output (wave height). The experiment will use 

predictions with both radars separately. 
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Configuration Training MSError Validation MSError 

3-2-1 0.026 0.035 

3-4-1 0.024 0.031 

3-6-1 0.024 0.031 

3-8-1 0.023 0.030 

3-10-1 0.026 0.029 

3-10-2-1 0.025 0.032 

3-10-4-1 0.026 0.026 

Table 1: Network training information from Castlemartin. The box is showing which configuration is 

selected 

Configuration Training MSError Validation MSError 

3-2-1 0.025 0.020 

3-4-1 0.018 0.012 

3-6-1 0.016 0.013 

3-8-1 0.018 0.009 

3-10-1 0.012 0.016 

3-10-2-1 0.013 0.014 

3-10-4-1 0.012 0.012 

3-10-6-1 0.015 0.011 

3-10-8-1 0.015 0.011 

Table 2: Network training information from Nabor Point. The box is showing which configuration is 

selected 

Tables 1 and 2 above show that the Nabor Point networks have, in general, slightly 

better results than the other radar. On Figure 9  the direction of the waves in the whole 

month of February is plotted, we can note that the majority of the directions are between 

250 and 350 degrees. This direction is across Castlemartin location (and hence, 

towards/away Nabor Point radar) then Nabor Point radar has richer information about 

the sea than the other one, as it was pointed out in section III.6. 

 

 
Figure 9: Peak direction along February 
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Figure 10: Wave height measured by the buoy compared with the neural network prediction for 

Castlemartin (left) and for Nabor Point (right) 

 

The neural network prediction from radar data and buoy measurements of the wave 

height are plotted in Figure 10. There are many more outliers in the Castlemartin case 

because of the direction of the waves mentioned before. In both cases the data is not 

very well distributed in cases of high wave height and suggest a high error in the 

measurement. 

With the selected networks the statistics of the prediction are showed in table 3. And 

Figure 11 shows the predictions along the month. 

 Castlemartin �abor Point 

Mean absolute error 1.09 0.97 

Mean squared error 0.72 0.67 

Mean relative error 42.8% 31.63% 

Scatter index 1.04 0.81 

Correlation 

Coefficient 
0.52 0.38 

Table 3: Statistics of the wave height prediction per radar 

 

 
Figure 11: Wave height measured by the buoy (black solid line), Castlemartin radar prediction 

(dotted grey line) and Nabor Point prediction (dashed black line) along February. 
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V.2 Peak direction estimation 

The peak direction is the direction of the highest waves. The standard buoy 

measurement is the direction from which the waves are coming. In this experiment only 

the value of peak direction will be predicted. In the conclusions (see section V) it is 

proposed to be predicted at the same time as other parameters. 

According to what has been said about the direction and the Doppler Spectra (see 

section II or see Wyatt 2002), the subtraction of the integrated second order regions of 

the spectrum around the largest peak is the value that will be needed for this prediction. 

The neural network would have 4 inputs (subtraction mentioned above and, as 

explained in section III.3, the frequency of each radar). The peak direction given by the 

buoy would be the output. A plotting of the variables is found helpful to ensure any kind 

of relationship between them, this is shown on Figure 14.  

It was noticed that the buoy direction data is clustered into two groups of angles (note 

in Figure 12 the small group between 21/2 and 26/2). Since the groups are on the 

extremes then, these groups could be one if it takes into account that it is a circle and 

0? and 360? correspond to the same direction.  This ambiguity could affect the 

performance of the network because it could confuse it (two similar spectra one 

associated to 0 degrees and the other associated to 360). 

Some transformations should be made in order to avoid this ambiguity. First, subtract 

180 to all data so the range 0? to 360? is converted into -180? to 180? and then, 360 

is added to every value between -180 and 0 so the small group (see Figure 12 between 

21/2 and 26/2) is re-located at the top of the big group (see Figure 13, after the re-

location), and now the values around 0? and 360? are near.  

 

Figure 12 (left) and Figure 13 (right): The peak direction along the month of February before the angle re-

locations (left) and after (right). 

 

 

Figure 14: These two scatter plots depict the shapes of the 2
nd

 order subtracted integration vs. The peak 

direction. The picture on the left corresponds to Nabor Point, the one on the right is from Castlemartin. 
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Although both radars are going to be used in peak direction prediction, Figure 14 is 

plotting them separately so a better analysis of shapes can be performed. There are 

relationships in both cases, the dots are following curvilinear shapes. 

From Figure 14 is noted that the first group of angles are making a convex shape 

(and most of it positive) in Castlemartin (right picture), that makes sense because these 

waves are travelling roughly away from Castlemartin (see Figure 3 for angles) so the 

difference (left second order region minus the right one) must be positive. This group is 

making in Nabor Point a shape very near to zero (these waves are moving 

perpendicularly to it) because the subtraction terms become similar when perpendicular. 

The other group is making the plots just the other way around, in Nabor Point (left 

plot) creates a concave (and most of it negative) shape because waves are moving 

towards its radar. In Castlemartin, these range is formed by a roughly zero scatter plot 

(due to perpendicular movement of waves). 

Although the training errors were very constant.The neural network chosen was the 4-

8-1 due to the lowest bias (See Table 4). The statistics show that the estimation does not 

look very accurate (see Table 5). 

 

 

Configuration Training MSError BIAS  

4-2-1 0.0289 21.95 

4-4-1 0.0228 6.69 

4-6-1 0.0206 -3.24 

4-8-1 0.0266 0.63 

4-10-1 0.0236 13.4 

4-10-2-1 0.0230 14.6 

4-10-4-1 0.0196 -7.07 

Table 4: Training process for the direction estimation. The MSE is from the 

normalized data 

Mean absolute error 34.93 

Scatter index -40.5 

Correlation Coefficient 0.63 

Table 5: Statistics of direction estimation 
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Figure 15 shows the estimation made by the network against the measurements of the 

buoy. Figure 16 is showing both network estimation and buoy measurement in a 

timeline. Note that neither of these two graphs have the re-location process inverted. 

 
Figure 15: Neural network direction prediction 

(vertical axis) against buoy measurements. The re-

location process is not inverted in this graph 

 

Figure 16: Peak direction measured by the buoy (solid black ◊) and the neural 

network prediction (light grey +). The re-location process is not inverted in this 

graph 
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V.3 Mean period estimation 

The mean period is the average period between wave crests. There is a relationship 

between the first moment of the second order regions of the Doppler Spectra integrated 

along the frequencies from the first order peak (see Section IV), and the period of the 

waves (Wyatt, 2002). 

Since the perpendicular cases are just a small percentage of the whole February data, 

the ambiguity mentioned before (see Section II) will not affect much the prediction. 

Figure17 shows in two plots, the relationship that this experiment is aiming to 

estimate. Data from both radars will be used together, the separation is just to see the 

relationship better. The data used is the whole month of February. 

 

               

 

The neural network for this case would have six inputs and one output. The inputs are 

three from each radar, two first moments, one from the left second order region and one 

from the right, and the frequency. Table 6 shows the learning process and the chosen 

network configuration 6-10-6-1 due to lowest MSE and lowest BIAS. 

 

 

Configuration Training MSError BIAS 

6-3-1 1.12 0.45 

6-6-1 1.08 0.44 

6-9-1 0.96 0.44 

6-10-3-1 0.99 0.41 

6-10-6-1 0.82 0.37 

6-10-9-1 0.88 0.38 

Table 6: The errors obtained during the training of several neural networks. The 

values are in seconds 

 

 

 

 

Figure 17: Relationship between the first moment from Bragg peak. Left graph is showing Castlemartin 

radar data, right one shows Nabor Point’s. 
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The results from the neural network estimation show a better prediction in wave 

periods between 3 and 5 seconds than from 5 to 7 seconds (see Figure 18). This is also 

shown on Figure 19, that between the 8
th
 and the 15

th
 of February there is a lack of 

accuracy on the prediction. 

 

Figure 18: wave period measured by the buoy compared 

with the estimation made by the network 

 

 
Figure 19: Mean period measured by the buoy (solid black line) and estimated with the neural 

network (grey dotted line) along the whole month of February 2005. 

 

The estimation statistics are showin in Table 7. 

Mean absolute error 0.69733559 

Mean squared error 0.823523693 

Mean relative error 14.25% 

Scatter index 0.168290372 

Correlation Coefficient 0.164849478 

Table 7: Statistics of the mean period prediction with the selected neural network 
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VI. Conclusions and future work 

 

The results of the experiments are showing that the neural networks created were not 

very reliable. A mean error of 1.09m (see table 3) in the wave height prediction with 

waves between 5m and 10m against 0.099m using Dual radar inversion (see table 1, 

Wyatt 2002) or, an error of 34⁰ in the peak direction estimation (see table 5) where the 

algorithms are giving between 5⁰ and 12⁰ (see [1]). An error of 0.2s (see [1]) in mean 

period estimation against 0.69 seconds when the period varies from 4 to 8 seconds (see 

table 7). 

As it was explained before, in section III.5, the method to choose the configuration 

of the neural networks was more an empirical set of steps than a serious and theoretical 

method. Also, specific neural network used here (see section III.3) could be a good first 

step to the purpose of this project but there are many more kinds of neural networks that 

could be taken into account. 

Thus, as a suggestion, much more investigation should be done in the neural networks 

field. For example, let’s just focus on wave height prediction and test it with several and 

different kinds of neural networks or, try the methods outlined in section III.5 to find 

the best configuration. 

Another suggestion could be to use a whole neural network to predict all the three 

parameters. The reason why this is feasible is that all three parameters are using the 

integrated second order regions as source. Thus, in this network, the inputs would be 

two (left second order region and right second order region) and the outputs would be 

three: the wave height, the mean period and the peak direction. 
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