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EXECUTIVE SUMMARY
The real-time prediction of the incoming surface elevation is not a trivial problem, due to the complexity of the
underlying model. Waves are irregular and non-linear in nature, but nonetheless their short-term forecast can be
used to increase the quality of different aspects concerning off-shore structures, i.e. controllability, extreme load
reduction, etc… In order to be implementable in real time, the model needs to be light, from a computational point
of view, but detailed enough to match the main dynamics. Nowadays, several algorithms have been proposed to
solve this issue, and all of them have strong and weak sides. Several case studies are presented, corresponding to
the research done by the partners within this Marinet task.
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1 INTRODUCTION
In a number of wave energy converters, relative oscillations between bodies are the fundamental principle for
harvesting energy. This type of wave energy converters, which can be assimilate to an oscillator, can be grouped in
two classes: passive and active systems. While the first will produce its maximum of energy in a narrow range of
frequencies, the second class is theoretically able to overcome that limitation. The difference between the two
groups can be explained by looking at the behaviour of a generic oscillator.
Oscillating systems have pronounced and narrow resonance peaks, which enable an efficient wave body interaction
only over a restricted range of frequencies. Outside this range the flux of energy from waves to body motion is either
heavily reduced or interrupted. A passive controller acts as a sink of energy, i.e. the intrinsic characteristics of the
energy converter cannot be modified. In such cases the system can efficiently produce energy only when the wavebody interaction is active. On the other hand, an active controller is either a sink or a source of energy, depending on
the system requests. Feeding energy into the system gives the ability to modify the intrinsic features of the energy
converter. For example by changing the stiffness and the inertial properties it is possible to match the system
resonance peaks with the incoming wave frequency. Falnes (Falnes , 2002) introduced this optimal control concept,
also known as reactive or active control, into the wave energy field back in the Seventies. While the passive system is
working without any further theoretical drawback, the active system needs the knowledge of the future energy state
to decide of its own state, i.e. sink or source. In the above sentence and through the report the word activecontroller identifies only a particular subset of the available active control options: the time domain –or wave to
wave- active controller type.
The prediction requirement is embedded in the non-causal transfer function, which maps the surface elevation time
series into the excitation force time series. The excitation force is the load exerted on the submerged stationary
body by the waves, which induces the system to move from its own equilibrium position. Since the reaction of the
submerged body to the excitation force is non-causal it requires future inputs to be defined in the present state.
The optimal energy absorption for a wave energy converter, with an active controller, is achieved when there is no
phase delay between the body velocity and the excitation force. Therefore the optimal controller can only be applied
if knowledge of the next waves is available. The short-term prediction of the incoming waves can also be used to
enlarge the concept of system controllability. Once it is available, the incoming wave information can be used to
reduce the loads in the event of an outlier wave, or to detune the system if its position is the most important
feature.
The real-time prediction of the incoming surface elevation is not a trivial task, since real waves are irregular and nonlinear in nature. While it is possible to describe a wide range of irregular sea states as a linear combination of a
number of pure harmonic components, the non-linear contribution needs to be defined within a non-linear
environment.
The different prediction algorithms can be classified into two groups, based on the relative position between the
observation and prediction point:
1. Observation point coincide with the prediction point
2. Observation point is away from the prediction point
When the observation point is distant from the prediction site the directionality issue arises. The system requires
either the assumption of 2D waves or a cluster of sensors distributed all around the system. In this last case the
information from each observation point is passed through a multiple-input-multiple-output system, which
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decomposes the surface elevation signals into their main components -wave direction, frequency and amplitudeand outputs the surface elevation at the prediction site.
When the observation and prediction points coincide, the wave direction is not an issue but the presence of the
energy converter will affect the measurement and prediction. It is a standard practice to solve this type of problem
using a state observer, where the excitation force and surface elevation are extrapolated giving the state of the
system and its model. The prediction relies on the energy converter model, which can cause false prediction in case
of partial/inaccurate system identification procedure. In addition, this method is less robust toward freak waves,
whose prediction can be fundamental in reducing extreme slamming loads.
A number of algorithms for forecasting irregular waves have been presented in the literature, using both
deterministic and stochastic approaches. They are classified in three main groups in the next subsections.

1.1 CYCLICAL MODEL
The cyclical model is the most simple and intuitive representation of regular as well as irregular waves. Based on
linear wave theory (Airy theory) the surface elevation (η) can be represented as a linear combination of two
orthogonal trigonometric circular functions, as a function of the spatial coordinates (x,y), and time (t), (Eq. 1-1)
Eq. 1-1

where C is the wave amplitude, β is the angle representing the direction of propagation, ω is the angular frequency,
k is the wave number and is the phase. The integral operand ensures the system linearity. The same model can be
expressed in a discrete way by substituting the integrals by a double summation. It is possible to simplify Eq. 1-1 for
the mono-directional case to (Eq. 1-2)
Eq. 1-2

where the terms a and b are related to the above mentioned terms

and C.

For a given relative position between the observation and prediction points, this representation of the surface
elevation can be solved in different ways.

1.1.1 Deterministic Approach
The deterministic sea-wave prediction (DSWP) is concerned with the short-term forecast of the surface elevation at
the prediction point, given the surface observations at an observation point some distance from it. The underlying
model is a linear superposition of the states defined by a frequency travelling in a known direction, where each of
those is shifted in space from the observation point to the prediction point.
The implementation of this type of algorithm was presented in (Belmont , Horwood, Thurley, & Baker, 2006) and
(Tedd & Frigard, 2007) for naval and wave energy applications respectively. While the former one gives a
comprehensive definition of the analytical model and theoretical background, the second work describes more in
details the practical implementation of the proposed algorithm. In both cases, the main underlying assumption is the
model linearity. In spite of that, even if all the sea waves are non-linear, it is possible to identify waves where the
non-linear component is weak and treat them as linear waves. The non-linear components are normally reduced as
the wave steepness reduces (wave steepness is here defined as the ratio between wave height and length).
The assumptions made should be consistent with the specific application under investigation. For example, if the
system studied naturally filters the short-period (wind generated) waves, those can be neglected in the prediction
model, leading to greater forecast accuracy. Moderate to large size vessels or general floating structures, belong to
that class of systems and therefore the surface elevation prediction, using a deterministic approach, can be
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accurately used to assess the future wave-body interaction. on the other hand, the linear prediction tool described
would not be appropriate for an accurate prediction of waves (and wave loads) acting on small structures, whose
natural frequencies can fall in the range of wind wave frequencies.
Figure 1-1 shows a 2D environment where the generated waves can travel only in the x-direction.

Figure 1-1: Wave Basin sketch

Wave gauge 1 is the observation point and Wave gauge 2 is the prediction point, distant ∆x from the former one.
The method proposed uses a time domain filter to approximate the frequency-domain transfer function, which maps
the surface elevation at x1 into the surface elevation at x0. The frequency domain transfer function is defined by its
magnitude and phase. The magnitude information in the transfer function can be used to reject any unwanted
frequency components. The phase information, the kernel of the model, defines the delay introduced by the spatial
distance, as a function of the wave frequency. The wave celerity is described by a closed-form expression in terms of
the wave frequency and the water depth.
The following steps can summarize the underlying algorithm behind the deterministic approach for wave prediction:
1. Observation buffering
2. Transformation from time- to frequency-domain via Fourier analysis
3. Evaluation of the wave celerity for each component
4. Delays assessment and incorporation
5. Transformation of the shifted signal from frequency- to time-domain via Fourier analysis
The time-domain filter is then applied for predicting waves using the convolution operator on the surface elevation
at the observation point.

1.1.2 Structural Time Series Approach
It is also possible to create a dynamic stochastic model which describes the harmonic behaviour of the sea-waves
based on the cyclical model of the waves used previously for the deterministic approach. As reported by (Harvey,
1989), from Eq. 1-2 it is possible to derive a recursive model (Eq. 1-3)

Eq. 1-3

where
is the cyclical component vector at the time t defined by its past state vectors, λ is the angular frequency
and kt is the Gaussian white noise disturbance vector at time t. For the case of irregular wave prediction the angular
frequency is a vector of frequencies which describes the range where the likelihood of occurrence of the event is
different than zero. The issue related to the selection of the frequency range and its definition was addressed by
(Fusco & Ringwood, 2009). When the frequency vector is kept constant the problem becomes linear in the cyclical

Rev. 01, 18-Mar-2015
Page 6 of 69

D4.10

Real Time Estimation of Incident Waves

components and therefore its recursive model can be solved using a Kalman filter. The state space form of the model
is therefore (Eq. 1-4)

Eq. 1-4

where x(k) is the state vector (dimension 2mx1, where m is the number of frequencies), A is the state matrix
(dimension 2mx2m), w(k) is the process noise, v(k) is the observation noise (dimension 2mx1) and C is the output
matrix (1x2m). The n future steps can be assessed from the a priori state vector at the instant k, through the free
evolution of the model above.
The model just described can be further developed by letting the range of frequencies change with time. In this case
the recursive model is not linear anymore and the surface elevation, plus the variable wave frequency, can be
evaluated at each time step via an Extended Kalman Filter. The main drawback of this model (Fusco & Ringwood,
2010) is its complexity when multiple frequencies are present in the time series.

1.2 AUTO REGRESSIVE MODEL
In case of short-term surface elevation prediction the variable of interest is a time series (yt). For this particular type
of signal, the output vector can be assessed by a standard linear regression procedure. A simple example is given by
(Eq. 1-5)
Eq. 1-5

which represents the so-called static regression. zt is a [kx1] vector of explanatory variables dated at the same point
in time as the dependent variable where k is the number of past events considered, β is a [kx1] vector of parameters
and is an error term. When considering a time series, past observations can be considered as given for the analysis
of the variable actual state. Furthermore, many observed time series exhibit a linear dependency between data
points. It is then possible to define a regression model, where the dependent variable is only affected by its own past
states (Eq. 1-6)
Eq. 1-6

Eq. 1-6 is called the univariate time series model or first order autoregressive (AR) model. θ is a parameter of the
model and yt-1 is the first lagged value of the dependent variable. The order (N) of the AR model defines how far the
model looks into its own past and it is normally identified as AR(N). The model represented in Eq. 1-6 can be
generalized by (Eq. 1-7)
Eq. 1-7
where η represents the surface elevation time series at the prediction point. When using this model for prediction
purpose, the optimal predictor is the conditional expectation:
. Two classes of multisteps predictors are commonly used: plug-in and direct, see (Fischer , Kracht, & Perez-Becker, 2012) for further
details.
This type of model as been introduced to the wave prediction field around 40 years ago. The above cited work and
the ones presented in (Fusco & Ringwood, 2010), and (Schoen, Hals, & Moan, 2011) are only some examples among
others of AR model used for real-time prediction of the waves. All of the above examples considered the case of
coincident observation and prediction points, but the model can easily be extended to the other case, at least for
monodirectional waves.
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According to (Schoen, Hals, & Moan, 2011), the order of the AR model is both a fundamental and a limiting factor.
The order of the model is fundamental because the past dependency of the model is unknown. Choosing a too low
order can lead to a loss of information and inaccurate prediction. It is also a limiting factor since the recursive last
square procedures coupled with a high order model can generate computational issues. The model dependency
defines the influence of a past observation on the present state, i.e. a weak dependency means that yt and yt+k
become approximately independent for small values of k.
The AR model is a particular type of infinite impulse response(IIR) function, which stability needs to be ensured by
the design procedure. The coefficients of the model can be estimated either once if the system is considered
stationary or recursively in the other case. In both situations the least square algorithm is commonly used to
minimise the prediction error.
The basic AR model can be further extended by introducing a moving average (MA) term, which is in this case a finite
impulse response filter, leading to the hydrid model ARMA. (Schoen, Hals, & Moan, 2011) reported the comparison
between AR, ARMA and Kautz-AR models and reported no improved performances for the enhanced models
compared to the pure AR model for the tested wave conditions.

1.3 ARTIFICIAL NEURAL NETWORK
Since all sea waves are non-linear, choosing a non-linear model to describe a non-linear process seems to be the
most intuitive option. The artificial neural network (ANN) model may present an alternative to solve the short-term
forecast problem while keeping the complexity of the model low. ANN, also called Multi Layers Peceptron (MLP), is a
supervised learning model created by an interconnected group of perceptrons. A perceptron applies an activation
function –linear or non-linear- to a weighted vector of inputs. The activation function is often a smooth
(differentiable) function bounded between zero and one. Figure 1-2 shows a simple example of a MLP, used for
regression of a noisy data set. The structure of the ANN is depicted on the right. The orange circles correspond to the
input layer, the green circles represent the hidden layer containing the perceptrons and the blue circle is the output
of the model. The number of hidden layer elements is an adjustable parameter and can reach an optimal point, for
which increasing the number of elements beyond that point will not decrease the regression error any further. Each
of the hidden nodes applies an activation function, typically a sigmoid logistic activation function, to the weighted
vector of inputs. Each hidden nodes can be identified as a perceptron (neuron). Different learning algorithms for the
perceptrons can be used, i.e gradient descendent, evolutionary methods. Most of them are working in batch mode
where the training procedure is done offline that is the system is considered to be stationary. In order to overcome
this assumption either an online recursive training algorithm or a discrete multi model structure can be used to
adapt to the slow variation of the sea state. In (Price & Wallace, 2007) a general description of the ANN structure,
the training procedure and some test data results is given.
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Figure 1-2: Left Side: representation of the three steps of the ANN model: summation of the weighted input, threshold via
activation function, summation of the weighted hidden output. Right Side: ANN structure, input layer (orange), hidden layer
(green) and output layer (blue).

Rev. 01, 18-Mar-2015
Page 9 of 69

D4.10

Real Time Estimation of Incident Waves

2 FORECAST METHODOLOGY
As previously introduced, the real-time estimation of the incoming surface elevation can be achieved with different
algorithms.
This chapter describes one specific deterministic approach: real-time forecast based on finite impulse-response
filter. The content presented hereafter is mainly derived from three different works (Frigaard & Brorsen, 1995),
(Tedd & Frigard, 2007) and (Ferri, Mahdi, & Frigaard, 2012), while the digital signal processing background is
developed mainly from (Parks & Burrus, 1987) and (Smith, 1998).
One of the key property for ocean wave is related to the non-linearity of the sea state, which greatly influences both
the time of arrival of the components and their amplitude. This is a fundamental aspect to be accounted for when
studying deterministic propagation and then prediction. The prediction is otherwise restricted to very short horizons
(Naaijen & Huijsmans, 2008). (Blondel, Bonnefoy, & P., 2010) provides a review of the latest findings at that time
(Zhang, Zhang, Wang, & Chen, 2009), (Zhenga, Shenb, Wub, & Youa, 2004), (Aragh, Nwogu, & Lyzenga, 2008)). More
recently, (Nouguier, Guérin, & Chapron, 2009) have worked on a novel approach for the data processing and wave
propagation from remote sensor, also emphasizing the importance of the non-linearities.

2.1 FINITE IMPULSE-RESPONSE FILTER
The finite impulse-response (FIR) filter is a linear time-invariant (LTI) digital system:
1) Linear: the function which characterizes the relation between the input and output space is constant. The
most important feature of this assumption is the superposition principle, where any output generated by a
specific input can be assessed by a linear combination of a number of simpler inputs.
2) Time-invariant: a system is time-invariant if any shift in the input causes an equal shift of the output.
3) Digital: a system whose input and output are discrete in time and quantified. The signals are often equally
spaced in time.
A digital filter (S) generates an output (y(n)) altering the given input (x(n)) in function of its own characteristics as
depicted in Figure 2-1.

Figure 2-1 Filtering process scheme

The filter’s characteristics are represented by a frequency response function (FRF), that defines the input/output
relations in terms of magnitude and phase, for each discrete frequency. The FIR filter approximates the specific FRF
in time-domain with the so-called inpulse response function (IRF).
Appling a FIR filter to a generic input (x) infers the following algorithm:




Discretisation of the input signal
Map –via the filter information- each of these component into the output space
Superimpose all the resultant outputs
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The simple component is a unit impulse (Kronecker delta function, δ(n)). The system response to a unit impulse is
the above mentioned IRF (h(n)) and the summation of all the impulse response gives the output (y(n)) for a given
input (x(n)). The output is computed via convolution of the input with the impulse response of the system (Eq. 2-1)

Eq. 2-1

In the case of FIR filter the summation is finite and the summation index is running from 0 to N.
If the structure of the FIR filter is compared with the AR one presented in Eq. 1-7, it is possible to notice a similar
structure. The input of the filter holds the main difference between the two types of filters: the AR structure is fed
with its own past observation, which entails a feedback structure distinctive of an all pole filter, while the FIR
structure is fed with observations from a distincted variable typical of a feedforward structure (all zeros filter).
The membership of one of the above structures embeds specific features:
The filter design can be structured in two steps: the approximation and realisation. The approximation part of the
problem deals with the definition of the coefficient in the filter’s transfer function, while the realization deals with
the definition of the methods for implementing the filter. In the following only the approximation steps will be
described, which is the kernel problem for the deterministic approach.
The design of a FIR filter starts from the definition of the ideal frequency response that is the wanted input/output
relation for each harmonic component. A low-pass filter has zero phase component and a magnitude of 1 in the
passband while a magnitude of 0 in the stopband. Pass-band and stop-band refer respectively to the ranges of
frequencies where each harmonic component is either passed through the filter or rejected.
Once the ideal FRF is known the identification of the filter coefficients can be accomplished using different design
methods:
 Frequency-Sampling Design
 Last Squared Error Frequency Domain Design
 Chebyshev Approximation
 Maximally Flat (Butterworth) Design
 Optimum-Magnitude Chebyshev Design
All of the above-mentioned designs except the last one are linear phase designs. The frequency-sampling (FS) design
method was chosen below because of its speed and simplicity. The main drawback is the lowe control over the total
frequency response.
The FS is an interpolation problem of the frequency response function at the discretization points. Given N
equidistant points sampled from the ideal FRF, the IRF is obtained via inverse discrete fast fourier transform (IDFFT)
of the ideal FRF. Some care need to be given to the discrete ideal FRF definition. In particular the phase-linearity of
the filter requires an even symmetry of the FRF coefficients, or in other words the FRF need to be Hermitian. This
implies that its IRF is real-valued. A more robust check for the linear phase is embedded in the location of the zeros
of the filter. Since the IRF is real the zeros will be real or in complex conjugated pairs. If zi is a zero, zi-1 needs to be a
zero (see (Parks & Burrus, 1987)for more details).

2.2 WAVE PREDICTION APPROXIMATION
The previous section presented the basic idea behind the implementation of a FIR filter, while this section focuses on
the description of the implementation of a FIR filter for predicting waves.
The first step requires the definition of the ideal FRF in terms of magnitude and phase responses. Since the input and
output of the filter is the surface elevation the filter should not alter the magnitude of the signal and therefore the
multiplication neutral element is used (Figure 2-2 (A)). If the measured signal is affected by high frequency noise or
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drift it is possible to define either a low-pass or high-pass filter or a combination of them (bandpass). This is achieved
by setting the magnitude to zero at the frequencies that should be rejected by the filter (Figure 2-2 (B-C-D)).

Figure 2-2: Magnitude of the frequency response function for different type of filter (A) all pass filter, (B) high-pass filter, fc HP
is the cut-in frequency, (C) low-pass filter, fc LP is the cut-off frequency, (D) passband filter where fc HP and fc LP are the same
as defined before. The filters have only as possible values 1 and 0.

The magnitude response used for the application below was the one of a low-pass filter. The cut-off frequency has to
be chosen so that the range of frequencies for the generated waves is in the bandpass window of the filter. It was to
5 Hz for the filter described here. The value of the cut-off frequency of the low-pass filter (fc LP) is adjustable but
there is no interest in increasing it further, because the energy content at higher frequencies should be negligible. It
is important to remember that the filter is linear and that the generated wave spectra will only contain linear
components.
The kernel of the prediction problem is held by the phase response of the filter. Before defining the phase response
it is important to bear in mind the 2D assumption embedded into the model; all waves are travelling from the paddle
to the beach only (see Figure 1-1). The method can be theoretically extended to multidirectional waves (add a ref),
but for the sake of simplicity only the unidirectional case is presented here.
The phase information of the filter with an ideal transfer function G(ω) is
Eq. 2-2
, where
is the argument of G(ω) and ω is the angular frequency. Γ(ω) is the time delay induced by the filter as
a function of frequency. The time delay function can be decomposed into three contributions (Eq. 2-3)
Eq. 2-3
where tr represent the reaction time available to the system to adjust itself to the future states, τ is the filter delay,
and tt is the time used by each wave to reach the forecasting distance x0, see Figure 1-1. The reaction time (tr) is a
user-defined parameter; it can be used as a buffer to compensate for the inertia of the controller or to adjust the
filter’s condition. The presence of discontinuities in the filter response together with the limited number of sampling
points of the filter can generate high frequency oscillations. These oscillations are commonly referred to as the Gibbs
phenomenon and a simple way to work around these is the multiplication of the filter response by a time-domain
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window function. This approach can cause losses of information at the filter band edge; therefore it is not
considered an optimal solution for this application. An alternative way to bypass the Gibbs problem is to shift in time
the IRF to a proper smooth location, this way avoiding discontinuities. This method is satisfactory but is limited by
the delay introduced into the output of the filter.
The filter delay can be defined by (Eq. 2-4)
Eq. 2-4
where N is the number of sampling points and Δt is the distance between two sample points in the time-domain
defined by (Eq. 2-5)
Eq. 2-5
where Δf is in turn defined by (Eq. 2-6)
Eq. 2-6
where fs is the sampling frequency. The filter delay creates a relative shift between even and odd components of the
input and if not compensated can cause an erroneous output. Consider N samples and a sinusoidal function with a
frequency that matches the time windows defined by N. When delayed by half of its length the sinusoidal function
will have a phase of π. If now the frequency of the sinusoidal function is increased twofold, the second harmonic will
have 2π delay, which is equal to zero delay. The process can be repeated N times, for each frequency in the FRF. The
final result will have every odd index components shifted by a multiple of π while the even components will remain
unchanged.
The last component in Eq. 2-3 defines the time required by a wave to cover the distance from the observation point
(x1) to the prediction point (x0). Given the distance to cover (D), the wave velocity (v) is the other unknown. It can be
calculated as the ratio between the wavelength (λ) and the period (T) or instead by their angular homonymous (Eq.
2-7)
Eq. 2-7

In the above equation ω is given for the ideal FRF and k can be calculated from the so-called dispersion relation. The
dispersion relation depends strongly on the ratio water depth (h) over wavelength. Three different regions can be
identified:
 h < 1/20 λ
(shallow water)
 1/20 λ < h <1/2 λ
(intermediate water)
 h > 1/2 λ
(deep water)
For this particular example the intermediate water approximation was used. The dispersion relation is then defined
as (Eq. 2-8)
Eq. 2-8

where k is obtained by an iterative procedure given h and ω. g is the gravitational acceleration. The time delay tt can
be finally obtained by (Eq. 2-9)
Eq. 2-9
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The design of the filter is characterized by four parameters:





fs
N
D
Windows type or Reaction Time (to compensate for the leakage problems)

The specification for the filter applied in this particular work are listed below:
1.
2.
3.
4.

fs
N
D
Reaction Time

20 Hz
256 points
2.5 equal to 10-fold the floater diameter
0.8 s

In addition a low-pass filter was introduced with a cut-off frequency of 5Hz
The filter summarized above is graphically represented in the following figures.

Figure 2-3: Magintude plots of the filter frequency response. The figure shows the ideal FRF (red dotted line very hard to see),
the discretized ideal FRF (red dots) and the approximated FRF (blue line with marks).

Figure 2-3 shows the magnitude of the FRF. The ideal FRF (target) is compared with its approximation obtained from
the filter Fourier analysis. The magnitude is reported as a function of the normalized frequency that is the frequency
divided by the sampling frequency. The transition region is at around 0.25 Hz/Hz since the filter cut-off frequency is
set to 5 Hz, corresponding to 0.25 in normalized frequency. The magnitude plot of the approximated FRF presents
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the Gibbs phenomenon as no time-domain window function has been applied to handle the discontinuity at 5 Hz. On
the other hand, it is important to specify that the frequency components of the input are expected to be in the range
0-0.1 Hz/Hz, where the approximation is good enough for the application.

Figure 2-4: Phase plots of the filter frequency response. The figure reports the ideal FRF (red dotted line), the discretized ideal
FRF (red dots), and the approximated FRF (blue line with marks).

Figure 2-4 shows the phase delay introduced by the FRF as a function of normalized frequency. The phase
information has been wrapped between –π and π. As explained before the phase is a summation of three different
elements: filter delay, reaction time and time to travel.
Figure 2-6 shows the impulse response function of the filter. It is important to visualise the IRF in order to set the
appropriate reaction time and ensure that the amplitude of the IRF decays in time and drops to zero. Another
important property to check is the finite amplitude of the coefficients as infinite amplitude would lead to an unstable
FIR filter.
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Figure 2-5: Filter impulse response function (IRF) x-axis label: Amplitude of the coefficients of the IRF

(a)

(b)

Figure 2-6 Zero and Pole representation for (a) a wave prediction filter and (b) a linear-phase low-pass filter. The poles are
represented by X markers and the zeros by O markers.

Figure 2-6: shows the zero and pole representation for two different filters: (a) a wave prediction FIR filter, (b) a lowpass FIR filter. As introduced previously the FIR has linear phase, i.e. for each zero (zi) its reverse is also a zero (zi-1).
This relation can be seen in the low-pass filter zero representation (b) while it does not hold for the wave prediction
filter (a). The poles are represented by a X marker at position (0,0).

2.2.1 Considerations on the proposed filter lay-out
In the following section some general considerations in using the proposed filter are given.
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The sampling frequency and the order of the filter are directly connected as the selected design method is an
interpolation problem. The lower the number of points (N) selected, the poorer the approximation. The true
behavior of the filter can be observed by taking the discrete Fourier Transform (DFT) of the zero padded IRF. The
approximated FRF function is shown in Figure 2-3 and Figure 2-4. If fs is increased to 1 kHz while keeping N constant,
the frequency resolution becomes ~4 Hz. After the DC component (0 Hz) the next point holding some usefull
information would be located at 4 Hz, leading to the loss of the information in the relevant range of 0.5 to 2 Hz.
The observation point (x0) should not be too close to the prediction point (x1), in order to avoid the influence of the
waves generated by the structure, if present. The bigger the distance D, the greater the influence of second order –
or higher- components of the FIR filter on the prediction. Beyond 2.5 m (in this particular case) the prediction quality
wears off sharply.
The reaction time can be used to adjust the filter’s condition or to introduce a time shift into the signal. The
introduction of a time shift is used for real-time prediction of waves. For example, the time shift can compensate the
time delay introduced by the excitation force transfer function
When a low-pass filter is introduced into the filter design its cut-off frequency has to be chosen carefully. When
dealing with waves generated in a wave tank, second order effects are always present in the generated waves. The
double frequency components will be partially composed by bounded and free components. If the cut-off frequency
is rejecting the double frequency component there is a loss of information. On the other hand if the cut-off
frequency is set beyond the double frequency component, the bounded portion of the 2nd harmonic will be treated
as a random phase component as any non-linearity is disregarded by the filter.

2.3 RESULT AND DISCUSSION
In this section the prediction capability of the filter are shortly presented.
The filter described in the previous section was tested in the deep water basin of the Hydraulic and Costal
Engineering Laboratory at the Aalborg University. Both regular and irregular waves were used to test the quality of
the prediction (see Table 1 for a list of the tested conditions).
The prediction error was evaluated via the normalized mean square error (NRMSD) defined by (Eq. 2-10)
Eq. 2-10

where N is the time serie length, σ(x) is the variance of the reference signal, is the predicted surface elevation and
η is reference surface elevation. The reference signal is defined as the observed surface elevation at the prediction
point (x0).
Table 1 lists the waves tested in the experimental investigation.
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Table 1 Tested wave conditions where T is the wave period in second and H is the wave height in meter

T (s)
0.7
1
1.4
2
1
1.25
1.5
2
3

Regular

Irregular

H(m)
0.02; 0.04; 0.06; 0.08
0.03; 0.06; 0.09; 0.12
0.05; 0.1; 0.15; 0.2
0.07; 0.14; 0.21; 0.28
0.031; 0.062
0.046; 0.092
0.061; 0.122
0.09; 0.180
0.144; 0.288

The main outcome of the experiments is reported in Table 2; the same values are depicted in graphical form in
Figure 2-7. The results are presented as a function of the wave steepness (s), defined as the ratio between wave
height and length.

Table 2 Results in terms of NRMSD for the conditions tested in Table 1

Regular Waves
T(s)

0.7

1

1.4

2

H(m)

0.02

0.04

0.06

0.08

0.03

0.06

0.09

0.12

0.05

0.1

0.15

0.2

0.07

0.14

0.21

0.28

s(%)

2.6

5.2

7.8

10.4

1.9

3.9

5.8

7.7

1.8

3.6

5.4

7.2

1.6

3.1

4.7

6.2

NRMSD

2.0

4.8

16.7

35.5

1.5

3.5

11.9

15.3

5.3

7.8

14.8

33.0

5.0

6.0

9.5

33.4

Irregular Waves
T(s)

1

1.25

1.5

2

3

1

1.25

1.5

2

3

H(m)

0.031

0.046

0.061

0.09

0.144

0.062

0.092

0.122

0.18

0.288

s(%)

2

2

2

2

2

4

4

4

4

4

NRMSD

5.3

6.1

7.4

8.9

17.3

10.7

12.8

14.4

17.0

25.5
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30.0

40.0
35.0

25.0

20.0

25.0

NRMSD (%)

NRMSD (%)

30.0

20.0

15.0

15.0

10.0
10.0

5.0

5.0
0.0

0.0
0.0

2.0

4.0

6.0

8.0

10.0

12.0

0

s (%)

0.5

1

1.5

2

2.5

3

3.5

4

4.5

s (%)

(a)
(b)

Figure 2-7 Prediction error as a function of the wave steepness for (a) regular waves and (b) irregular waves.

This parameter has been chosen since it is a good indicator of the wave linearity. As the designed filter is linear, the
difference between the predicted waves and the actual waves should increase with increasing s. Figure 2-7 (a) shows
the prediction error for regular waves. s=5% defines a clear border between good and bad prediction, assuming an
error of 10% as a criterion. As can be seen in Figure 2-7 (b), the prediction quality decreases for irregular waves and
the wave steepness border is now set between 2 and 4%. For irregular waves, the wave period (T) plays an
important role on the prediction quality since for T > 1.5 s the absorbing beach cannot keep the mono-directionality
of the waves, which is essential for the designed filter. Roughly 20-30% of the energy is reflected and travels back
causing ambiguity in the filter. The deterministic nature of the filter does not allow for deviation from the proposed
theory. In order to solve this issue at least 4 wave gauges and 4 filters need to be defined. Two wave gauges are
placed upstream and two wave gauges are positioned downstream. For both pairs of wave gauges a decomposition
of the incident and reflected wave is done.
On the other hand, if the waves are reproduced in the linear range defined by the basin properties the filter
guarantees an error below 10%.

2.4 CONCLUSIONS AND RECOMMENDATIONS
The implementation of a FIR filter for the prediction of the surface elevation in real-time has been presented. The FIR
filter was applied using the so-called deterministic approach, where the filter coefficient are based on a well-defined
and fixed theory. In this case the linear theory was used. This method was chosen for its simplicity of
implementation and its stability. The system was implemented for mono-directional waves (2D), but the extension
to a 3D case is also possible. In spite of its simple nature, results show that the prediction error can be confined
below 10% if the wave’s nature matches the filter features. A criterion of 10% for the prediction error is sufficient in
this particular case as the filter is used for the optimal control of a wave energy converter, which is in turn applicable
only for small oscillation around the equilibrium position. On the other hand if the prediction is used to reduce
extreme loads on a structure the filter tends to overestimate the wave height.
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3 SHORT TERM WAVE PREDICTION AT THE PICO OWC PLANT LITERATURE REVIEW
3.1 INTRODUCTION
In order to control and alter the WEC device characteristics for the purposes of performance optimisation or survival,
a forecast of the incident wave parameters or a wave time-series will be needed unless the control elements are
passive or have negligible actuation time. The forecast horizon needed for control is dependent on: the type of
control strategy, the response rate of the device’s motion or inertial components, and the actuation rate of
controling mechanisms. Some examples of WEC control strategies in the literature include: Switching turbines on or
off to maintain an optimum pressure head for an overtopping type WEC (Tedd & Frigard, 2007), latching or
declutching to promote resonance of floating oscillating devices such as a point absorbers (Budal, et al., 1982),
turbine rotational speed regulation using generator torque control for an OWC (Falcão A. d., 2002).
This study is concerned with pneumatic power regulation by relief valve control at the Pico OWC. Pneumatic power
regulation by essentially instantaneous relief valve control (as discussed in chapter 8) has been considered in (Falcão
& Justino, 1999). This method assumes that a perfect forecast of negligible horizon time is available and this is used
to specify the optimum aperture of a very fast actuating relief valve array. The proposed relief valve system in
(Falcão & Justino, 1999) remains undeveloped. The control system proposed in this study factors in the limitations of
the existing slow aperture adjustment rates of the existing relief valve installed at the Pico OWC plant, so that
control can be performed with no physical alterations to the system. However, as found in chapter 8, because of the
slow aperture adjustment rates of the existing relief system, a short-term forecast of the chamber surface elevation
with horizon time close to the sea-state peak period is needed. This forecast will provide the lead time needed to
make significant temporal adjustments to the relief valve aperture in order to deliver a pneumatic power profile
(over the up-coming wave cycle) that is more efficient for power transfer to the turbine. In addition, as seen in the
analysis in chapter 8, this continues modification of the pneumatic power profile will indirectly minimise the
pneumatic overpressure that causes the turbine to stall (with sharp decrease in efficiency) and accelerates fatigue of
the mechanical and structural elements of the system.
To obtain advanced knowledge of the incoming wave time series for the Pico case study, the following options are
available:
Deploy a sensor some distance up-wave of the device (Figure 4-1) to measure the incident wave time-series and
transform this information into what is later expected to occur at the device, after the wave has propagated
between the two points. The transfer of up-wave measurements to the resulting behaviour at the device is
considered (Tedd & Frigard, 2007), (Ferri, Mahdi, & Frigaard, 2012), (Fernandez H. , Vousdoukas, Schimmels, &
Allajbej, 2013) and (Paparella, Monk K., Lopes, & Conley, 2015). For the Pico case study this transfer is complicated
by the following processes: frequency-dependent resonance of the water oscillation in the chamber, damping from
the pressure in the chamber (Folley & Whittaker, 2005), shoaling, wave directionality and viscous loss form
turbulence induced by the chamber front wall (Morrison & Greated, 1992). In addition reflected waves from the
chamber back wall or surrounding coastline and radiated waves from the chamber pressure, will propagate up-wave
and interfere with the incident wave. A spatial array of wave sensors could be used to extract the incident wave from
the incident and scattered wave superposition (Goda & Suzuki, 1976) and deal with wave any directionality (Davis &
Regier, 1977), (Isobe & Kondo, 1984). This however will add financial and computational cost, complexity and
additional points of potential failure.
Alternatively, wave prediction can be made using only the past measurements made at the device location as
described in (Paparella, Monk K., Lopes, & Conley, 2015), (Korde, Schoen, & Lin, 2001), (Fusco & Ringwood, 2010),
(Sheng & Lewis, 2010) and (Fischer , Kracht, & Perez-Becker, 2012). This removes the issues associated with wave
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interference (from reflected and radiated waves), wave directionality and wave dispersion effects. Additionally the
cost and potential for failure associated with placing sensors in hard-to-access and harsh environment is avoided.
However, performance of the forecast will be exclusively dependent on how strongly the future behaviour correlates
to the measured recent past and present behaviour.
The final option is a multivariate approach which combines measurements made up-wave (with a lead time), and
past measurements made at the device. This approach is not well documented in the literature, probably due to the
lack of relevant data for this configuration.
A literature review on the most promising and relevant (for the Pico case study) methods for short-term wave
forecasting, is given in the following.

Figure 3-1 - Schematic of sensor location options at the Pico OWC for the purpose of short-term forecasting

3.2 LITERATURE REVIEW ON SHORT TERM WAVE FORECASTING METHODS
3.2.1 Spatial transformations using digital filters
If up-wave information is available, a digital filter can be used to transform the up-wave measurements to what is
expected to occur at the device. This method is used in (Tedd & Frigard, 2007) to forecast the wave elevation at the
ramp of the “Wave dragon” over-topping type WEC.
In (Tedd & Frigard, 2007) the digital filter serves two functions: to translate the pressure measured by a transducer
attached to the mooring pile
up-wave to the resulting surface elevation at the device and to translate the
alteration in wave phase measured at the up-wave sensor location to the resulting phase at the device location due
to the wave propagation.
From linear wave theory, the pressure
above the sensor by;

measured at a depth , is related to the surface elevation

vertically

Eq. 3-1
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the wave number,

the water density and

the acceleration due to gravity.

As eq. 3-1 is a function of frequency the relationship could be described by the amplitude response of a filter
, which applies gain to each frequency component . The filter then delivers the corresponding surface
elevation vertically above the pressure sensor.
The phase response of the filter can be used to translate the wave phase measured at the sensor, to what later
occurs at the device. In the time-domain the filter’s phase response equates to a time-delay
. The time delay
imposed on each frequency component needs to factor in the propagation rate and travel time
of the different
wave frequency components between the up-wave sensor and the device;

Eq. 3-2
where
is the distance between up-wave measurement point and device,
angular frequency of the wave component.

is the wave-number, and

the

All causal filters have a negative non-zero phase response which in the time-domain equates to a delay. For a finite
impulse response filter (FIR) this phase response is linear and is a function of the filter order number
and the
sampling frequency . The time delay introduced by the FIR filter
, is given by;

Eq. 3-3
Noting the total forecast horizon time needed for control, taking into account the wave travel time
delay imposed by the filter is
, then the required frequency component time shift
is;

and the

Eq. 3-4
which translates to a phase shift of;

Eq. 3-5
The ideal target filter
, that describes the transfer in both phase and amplitude, was discretised by sampling at
equally spaced frequency intervals between 0 and the numerically reduced sampling frequency ;

Eq. 3-6

for
where

A real-filter was then designed around the discretised points of the ideal filter. They conclude that a filter with an
order number of
provided a suitable representation (in the dominant frequency band of interest) of the
ideal filter when comparing the filters amplitude and phase response in the frequency domain. At this filter order
number the time incurred by the filter is
(for the peak frequency component) so that the actual
forecast horizon for the lead time they require
, is
. As this horizon time is outside the time
range for waves to propagate between the up-wave sensor and the device, and because they suggest this horizon
time is an acceptable value, it seems they intend to place the up-wave sensor further from the device but assume
the transfer accuracy is the same.
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For use in real-time forecasting the inverse discrete-time Fourier transform generates the filter’s impulse response
;
for

Eq. 3-7

Unfortunately they were unable to gain surface elevation data at the device due to technical issues and ultimately
compared the forecast accuracy to another forecast using an off-line filter with a very high filter order number (that
converges with the ideal filter) that would make too large to be used in practice (up-wave sensor would be very
far from the device). Good accuracy was found in this test, but the actual physical scenario being considered was not
tested.
The same approach is adopted in (Ferri, Mahdi, & Frigaard, 2012) to forecast the surface elevation and excitation
force on the one degree of freedom, point absorber the “Wavestar”, using an FIR filter. Small scale laboratory testing
was performed with the up-wave sensor located
from the device with regular and irregular waves with;
,
, and in intermediate water depth
. Good forecast
accuracy, with a correlation factor > 95%, was achieved for low steepness linear waves (low
and high ).
In (Paparella, Monk K., Lopes, & Conley, 2015) a simpler solution to forecasting using an FIR filter is proposed. If the
water depth between the up-wave sensor is much less than the wavelength
the wave phase velocity is
not dependent on frequency and dispersion effect can be ignored. In this scenario the phase shift between the upwave sensor location and the devices is constant and is undistorted by frequency dispersion. This simplifies the
problem greatly. The proposed FIR filter model in (Paparella, Monk K., Lopes, & Conley, 2015) assumes that the
surface elevation at the device
, at data a point in time can be described by a linear combination of the past
up-wave measurements, starting at data time point
where
is a data point delay that accounts for the
uniform wave propagation travel time
between the up-wave measurement point and the device. The
filter impulse response is found directly in the time-domain by applying
weighting coefficients
(where
to the past up-wave values. The values of the weighting coefficients
are found through the
minimisation of the error between the sum of the weighted past up-wave values and the corresponding surface
elevation at the device (after the travel time
). This approach circumvents the need to perform the Fourier
transform and design the filter in the frequency domain through comparison with an ideal target filter as in (Tedd &
Frigard, 2007). It also implicitly accounts for the phase shift due to the wave travel time and the phase delay
imposed by the filter. Using this method the FIR filter takes the form;
Eq. 3-8
Where

is the up-wave measurement,

is the weighting coefficients and

is the error.

In eq.3-8 the input data (up-wave measurement ) is delayed by
time steps (equal to the propagation time
between up-wave sensor and device) achieving a phase match between the first filter input and its output. From the
filters perspective the up-wave sensor now resides at the same location as the device and the travel time is
considered to be zero (
. Any dynamics between the up-wave location and the device are linearly
approximated by the filters impulse response.
From a batch training data set of length , the model coefficients are found as those that result in the least squares
minimisation of the cost function . The cost function is defined as the variance of the error between the
measurements made up-wave and measurements made at the device.
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Eq. 3-9
When the model coefficients
are found the FIR forecast model can be deployed. In real-time use, if the most
recent data (instead of delayed data used for training) is input to the filter the
steps ahead prediction
is automatically generated and output by filter. Any point between the present time and the
steps ahead
point, can be generated by delaying the filter input time series by delay (
).
The

steps ahead prediction of the surface elevation at the device

is then given by the FIR filter output;

Eq. 3-10
This method will deprecate with increasing phase modification from dispersion effects and is only suitable for
shallow water applications, or when the separation distance is very short. Because the model is linear its
performance will likely depreciate with increasing non-linear transformations that occur during the propagation
between the up-wave measurement location and the device. Also, interference of up-wave measurements from the
superposition of the incident waves with the radiated and reflected waves from the device will likely have a
detrimental effect on the performance unless an up-wave array of sensors is used to decompose superposition to
extract the incident wave.

3.2.2 Univariate forecast model
3.2.2.1 Autoregressive model
If no up-wave information is available the challenge of wave forecasting is limited to predicting the future events
from the past and present measurements made at the device. If there is a linear relationship between past and
present observations, and the future events then an autoregressive (AR) model might be considered.
In (Korde, Schoen, & Lin, 2001) an AR model is used to predict the velocity of a spherical buoy moving in heave only.
If is a data point in time the AR model assumes the velocity
of the buoy is equal to a number (model order)
of its past values each weighted by a autoregression coefficients
(where
plus an error term
which is assumed to be white noise, with a Gaussian profile and zero mean;

Eq. 3-11
To implement the forecast model first the autoregression coefficients
must be found. To achieve this a known
training data set of length (they used
data points) is divided in to sets of length containing successive
data points in time. These samples are placed into a matrix giving a one data point staggered windowing of the data;

Eq. 3-12

If the autoregression coefficients

and the error are described by the following vectors;
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Eq. 3-13

Eq. 3-14
Then eq. 3-11 can be described in matrix notation as;

Eq. 3-15
The cost function is a quantification of the total error and they define the cost function as the error variance of the
entire training data set;

Eq. 3-16
The linear least-squares minimisation of gives the best estimate of the autoregression coefficients

Eq. 3-17
The predicted velocity
of the buoy at the next data sampling point is then found by summing
weighted with a corresponding autoregression coefficients found with Eq. 3-17.

past values

Eq. 3-18
For multi-step ahead prediction the process is repeated so that for each new iteration (to predict the next time step)
the most recent input value to the model is the predicted velocity from the previous iteration, and the oldest is
discarded. The forecasted velocity at future point
is then given by:

Eq. 3-19
In eq. 3-19

becomes

when

.

The autoregression coefficients
are found from a known training data set and are static while being used to
forecast the unseen test data. The model is self-adaptive to the most recent phase and amplitude information
because each autoregression coefficients is coupled with an input data point holding this information. However, the
model is not-self adaptive to the most recent spectral information because the autoregression coefficients,
optimised from the training data, are fixed until they are updated by the process of re-training with the most recent
available data to re-define the optimum regression coefficients. This up-date is not intrinsic to the forecast model
and re-training intervals need to be defined in order to adjust the model to temporal spectral changes.
In (Korde, Schoen, & Lin, 2001) a forecast horizon of only two time steps equating to 0.8 seconds is considered, and
the model order was said to be found by trial and error but the values were not disclosed.
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In (Fusco & Ringwood, 2010) the AR model (amongst many other forecasting models) is used to forecast the surface
elevation measured by wave buoys located offshore at the Pico Island in the Azores and Galway bay, Ireland. The AR
model is configured in the same way as in (Korde, Schoen, & Lin, 2001) but the forecast target variable was the
surface elevation measured by a wave rider buoy instead of a point absorbers heave velocity. Also the model
coefficients were found using a different cost function than (Korde, Schoen, & Lin, 2001) called the long-range
predictive identification (LRPI), which factors in the error incurred for all forecasted data points of the multi-step
ahead forecast instead of just the 1-steap ahead forecast. This cost function is defined as;

Eq. 3-20
, where
length.

is the total number of data point in the training data set,

is the maximum data point forecast horizon

A method to estimate the predictability (the dependency of future values on past values) of the data is also
proposed, and qualified by the predictability index
(
means full dependency of future value
on past
values and
meaning no dependency), given by;
Eq. 3-21

, where
is the optimal step ahead prediction, and is the expectation operator.
This predictability index is used to assess the relationship between the spectral bandwidth and the achievable
forecast accuracy. It was found that the predictability significantly increases when the spectral bandwidth is
shortened by removing the low energy high frequency waves (and noise) with a low-pass filter.
Based on this finding, the training data used to define the AR coefficients and the data used to query the model were
heavily low-pass filtered with a cut off frequency of
. A Chebyshev type I filter of order 15 and
maximum error in the pass band of
, was used. They justify the use of such a low cut off frequency because it
still preserves the lower frequency wave components which contain the bulk of the incident wave energy, whilst
discarding the high frequency components that are of little interest to energy conversation and which degrade the
forecast accuracy.
Filtering was performed offline with a zero-phase filter so that no phase delay or distortion occurs form the filtering
process. To achieve zero-phase filtering, the data set must first be passed through the filter forward in time in its
entirety. Because all filters imposes a phase-delay the forward in time filtered data must then be filtered again
backwards in time to counter the delay incurred in the first pass (to preserve the original phase). As such, to
correctly execute zero-phase filtering at a point of time of interest, future data points must be known. This of course
make the filter and its output non-causal and cannot be released in real-time where only the known data points, up
to the point of interest, are available for the filter input.
The use of a non-causal zero-phase filter is justified in (Fusco & Ringwood, Short-Term Wave Forecasting for RealTime Control of Wave Energy Converters, 2010) because although wave rider buoy data is used, the system under
evaluation is a floating point absorber. The motion of a floating point absorber naturally rejects higher frequency
components due to; inertia, viscosity, power-take off damping and non-uniform pressure acting on the device. In
essence the device has a physical low-pass filtering effect (Faltinsen, 1990) between the driving water surface
elevation and its resultant motion. This is used to support the validity of the results obtained, but only if the target
variable is naturally low-passed filtered by the systems dynamics and not when it is achieved digitally.

Rev. 01, 18-Mar-2015
Page 26 of 69

D4.10

Real Time Estimation of Incident Waves

The performance of the AR model in forecasting the non-causally filtered data is assessed by the Goodness Of Fit
(GOF) index which is the ratio of the root sum of the squared errors (between the original and forecasted signal) and
the root sum of the squared original signal, as a percentage of a perfect forecast. Generally excellent forecast
accuracy was achieved, especially for the narrow banded sea-states associated with the Pico wave buoy location. At
this location a GOF of near 100% (a perfect forecast) was achieved up to a forecast horizon of 20 seconds (the
maximum forecast horizon considered). A model order of 24 was found to give the best forecast accuracy.
The AR model is extended in (Fusco, Short-term Wave Forecasting as a Univariate Time Series Problem, 2009) to be
fully adaptive by updating the autoregression coefficients to the most recent spectral information on-line. This was
achieved using recursive least squares method with a forgetting factor and the Kalman Filter. However, with static
autoregression coefficients, the AR forecast model did not suffer any degradation in forecasting the test data
sampled more than 2 hours from the training data, even in the case of rapidly changing spectral sea state. As such
on-line adaptivity of the autoregression coefficients appears to be of little concern.
In (Fusco & Ringwood, Short-term wave forecasting with AR models in real-time optimal control of wave energy
converters, 2010) the validity of filtering data digitally is more critically evaluated. As discussed previously the
exceptional results obtained in (Fusco & Ringwood, Short-Term Wave Forecasting for Real-Time Control of Wave
Energy Converters, 2010) was achieved with a zero-phase non-causal filter. The forecast performance achieved with
this method can only valid if the device has a natural low-pass filtering effect that is equal to the digital filter. If the
device does not have a filtering effect, or if the data from the actual device is used (instead of from a buoy or other
detached sensor), the zero-phase filter method cannot be used.
If the data is filtered with a single forward in time pass it will be causal and is realisable in real-time (as no future
values are needed). However, all causal filters introduce a non-zero phase response which equates to a time delay in
the time domain. The phase response is a function of the filter order number and the grater the filter order number
the greater the time delay in the filters output. If the filters output is delayed then a forecast made using this data
will also be delayed.
Also all real filters introduce an error in the output signal amplitude because the filter has a magnitude response
transition region which is non-instantaneous in the frequency domain and spans the specified cut-off frequency. The
amplitude of frequency components lower than the cut-off frequency will be partially attenuated in this transition
band. Similarly the amplitude of frequency component higher than the cut-off frequency will only be partially
attenuated. Increasing the filter order number narrows the transition band thereby minimising the amplitude error
of the output, but this of course increases the time delay in the filters output.
Ultimately this means that choosing a filter order number will be a trade-off between incurring a delay or amplitude
error, in the filter output. A lower order filter will minimise the output delay (lost time in the forecast) but will
increase the amplitude error and vice versa.
The situation is further complicated by the choice of filter. Infinite Impulse Response (IIR) filters have a non-linear
phase response meaning that different frequency components will have different delays in the time-domain. If the
delay in the filters output is corrected with a uniform backward phase-shift only a specific frequency component will
have a phase re-alignment with the input signal. Frequency components either side of this frequency will only be
partial realigned incurring a phase error. However, the IIR has a sharp amplitude response at low filter order
numbers so that the amplitude error can be minimised without introducing excessive delay in the filters output.
The alternative is a Finite Impulse Response (FIR) filter which has a linear phase response allowing the delay in the
filter output to be corrected exactly with a uniform phase shift. However, a far greater filter order is needed to
achieve a transition band width as low as the IIR filter and this equates to a greater delay and lost time in the
prediction horizon. If either filter is used the delay imposed will have to be dealt with adding further complication to
the forecast procedure.
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In (Fusco & Ringwood, Short-term wave forecasting with AR models in real-time optimal control of wave energy
converters, 2010) a quantification of the filter performance based on the balance between the mean error and delay
is proposed and used to evaluate a number of IIR filters and an FIR filter. It was found that (considering a
compromise in error and delay) low order Butterworth, Chebyshev type I and Elliptic, IIR filters performed the best.
Even with the delay corrected approximately (due to the non-linear phase response) with a uniform phase shift,
higher order filters incurred greater error because of the non-linear phase distortion. For the FIR filter the mean
error decreases as the filter order number increases which shortens the transition band of the magnitude response,
and because the linear phase response permits an exact phase re-alignment with a uniform phase shift. However,
the delay rapidly increases with the filter order number so that only very small filter orders could be used for on-line
forecasting purposes.
It is also shown in (Fusco & Ringwood, 2010) that the sensitivity of the AR model to the amplitude errors introduced
to the wave elevation time series by filtering, even if very small, have a very significant effect on the prediction
because they feed-back into each successive iteration of the multi-step prediction, and rapidly accumulate. The
authors concede that the AR model presented is not robust enough to deal with the errors imposed by on-line
filtering. Unfortunately, the article stops short of directly analysing how this amplitude and phase error translate to
the achievable on-line forecast accuracy and indeed if there is any enhancement to be had by filtering. This is a
critical point which needs clarification.
The AR forecast models is also used in (Fischer , Kracht, & Perez-Becker, 2012) to forecast the surface elevation of a
wave rider buoy located in the North Sea. Two different forms of the AR models are assessed. The first is the same as
in (Korde, Schoen, & Lin, 2001) and (Fusco & Ringwood, 2010) where a multistep ahead prediction is realised by
successive iterations of the 1-step ahead prediction. Each new iteration considers the predicted value in the previous
iteration as a real data point in the forecast model input to predict the next data point.
They also consider a “direct” multi-step ahead prediction where only the measured past values are used to make a
prediction of a single value steps ahead. This is given by;
Eq. 3-22
where the autoregressive coefficients
are again found with the least squares minimisation of the cost function.
With this method, if a time series is to be predicted, a bank of autoregressive coefficient sets must be compiled with
each set responsible for predicting a corresponding data point interval
up to the specific forecast
horizon time
.. Concatenation of these independent predictions provides the forecasted time series. For
each new data point collected in real-time the autoregressive coefficients need to be updated, and as such this
method implicitly adapts to slow spectral variations of the sea state. This avoids the requirement of designated retraining intervals associated with the 1-step ahead method for multi-step ahead prediction. They found the “direct”
AR forecast model achieved marginally greater accuracy but a specific comparison is not provided.
The study adds valuable information because emphasis is put in real-time on-line performance and as such avoids
the uses of non-causal filtering. The forecast performance is much poorer than the results achieved in (Fusco &
Ringwood, Short-Term Wave Forecasting for Real-Time Control of Wave Energy Converters, 2010) with heavy noncausal low pass filtering. Performance was greatest in larger sea states, which they speculate to be because of a
reduction in the signal to noise ratio. It is seen from the sea state characteristics plot that the largest
sea states
typically coincide with longer
which indicate fully developed sea states. Generally speaking more developed sea
states have narrower spectral bandwidth (although the full spectral analysis is not given). As such increased
performance in larger sea states is likely to also be a factor of spectral bandwidth, as discussed in (Fusco &
Ringwood, Short-Term Wave Forecasting for Real-Time Control of Wave Energy Converters, 2010).They achieved
reasonable forecast accuracy up to about 3 seconds in larger sea states with a rapid decline in performance
thereafter. It should be noted that the North Sea wave climate is dominated by short period broad banded spectral
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sea states. As shown in (Fusco & Ringwood, Short-Term Wave Forecasting for Real-Time Control of Wave Energy
Converters, 2010) the performance of the AR model is far better in very narrow banded sea states which are typical
at the Pico plant location.

3.2.2.2 Non-linear Autoregressive model using Neural Networks
The AR model discussed assumes the output (forecast) is linearly related to the sum of inputs (past data) each
weighted by a coefficients that is found through error minimisation. If the system has non-linearity to a significant
degree, a non-linear Autoregressive model could be considered. Defining the non-linear relationship between the
inputs and outputs of the forecast model can be achieved by a non-linear function found using an Artificial NeuralNetwork (ANN) learning structure.
ANN are widely documented (see for example (Gurney, 1997), (Nørgaard, Ravn O, Poulsen, & Hansen, 2003))
powerful, versatile but inherently black-box models for translating input/s to ouput/s. It mimics in a numerical way,
the transfer and transformation of electrical signals through networks of neurons in the brain of a mammal. A
general description of how a ANN finds a function that relates a input/s to a output/s is given in the following.
A typical network is comprised of an input layer containing a finite sampled input signal, data scalar or a vector of
different relevant variables. The inputs are each passed to any number of hidden layers containing any number of
nodes. As each input migrates through the hidden structure of the network it arrives at all transformation points
(nodes). Prior to the transformation point the signal is linearly amplified or damped by applying a weighting
coefficient. The signal is combined with the other signals arriving at the same node and are summed. This total may
also be shifted by adding a (optional) bias. After, the signal passes through a node a transfer function is applied
which modifies the node input. Depending on the specification of the transfer function a; linear, non-linear or binary,
transformation of the input is outputted by the node. Each input value passes every route permutation through the
network. At the end all signals are weighted a final time, combined and transformed by a final signal node in the
output layer. This gives the final output which is the network’s prediction. This process structure is seen in Figure
3-2.
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, one output
, Artificial Neural Network with two hidden layers, is the
is the node transfer function which can be a; linear, non-linear or a binary step,
function.

If the ANN is being trained (which is a prerequisite to deployment) the output signal (prediction) is then compared
with the known desired target signal and the prediction error is assessed. The process then re-iterates (new epoch)
but with the weights and the optional biases being adjusted in an attempt to reduce the prediction error that
occurred in the previous iteration. In order to accelerate this error reduction, a learning algorithm is employed which
monitors the change in error associated with the alteration of the weights and biases between each iteration and
selectively adjusts them for the next iteration to try to achieve the greatest negative error gradient, and therefore
the quickest convergences to the optimum values. At a certain point it will not be possible to reduce the error any
further and the local minimum has been found. If multiple minimums exist, training of the network does not
guarantee the convergence with the local minimum. This is because the initialisation of the ANN is done by selecting
random initial values for the weights and optional biases, and as such the learning algorithm simply steers the
evolution (learning) of the ANN in the direction of the nearest local minimum. To mitigate this un-desirable
eventuality, several networks can be trained with different starting conditions (weight and biases) in the hope that at
least one of networks will converge to the global minimum. Artificial Neural network will be presented in more detail
in the next chapter.
Much of the literature on oceanographic forecasting with Neural Networks is concerned with forecasting the slow
variations in the sea-state i.e. the significant wave height, see for example (Deo, Jha, Chaphekar, & Ravikant, 2001),
(Reikard & Rogers, 2011), (Makarynskyy, 2004) and (Mandal & Prabaharan, Ocean Wave Prediction Using Numerical
and Neural Network Models, 2010). However, a smaller number of studies consider the surface elevation time-series
forecasting problem using a specific neural network type called the Non-linear AutoRegressive (NAR) forecast model.
These are reviewed in the following.
In (Fusco & Ringwood, 2010) a closed loop NAR type forecast model is compared to several other forecast models.
The NAR shares many similarities to the AR model (section 9.2.2.1) in that a number of past values of a variable are
used to make a one step ahead forecast of the same variable. However, unlike the AR model which weights the past
values with coefficients found through the least square minimisation of the cost function, the NAR applies a non-
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linear function , which is found using the Neural Network learning structure, to the past values of the target
variable. This is described by;
Eq. 3-23
where , is the surface elevation recorded at a wave buoy.
As with the AR model, by closing the 1-step ahead NAR forecast model to form a loop, a multi-step ahead prediction
can be made where each 1-step ahead forecast is returned to the input as the most recent data point (the oldest is
discarded to maintain a constant input signal length) in order to achieve the 2-step ahead forecast. The process
repeats until a time-series forecast up to the desired forecast horizon is achieved. However, as with the AR model,
any error incurred in each forecast step propagates to the next so that it rapidly accumulates with increasing horizon
time. As such, for the forecast model to be in anyway successful, the error of the 1-step ahead forecast must be very
small.
In (Fusco & Ringwood, 2010) the NAR is tasked with a multi-step ahead prediction of the surface elevation measured
by a wave-rider buoy located near the Pico island and in Galway bay. Forecasts are made with up to 20 seconds
horizon times using only past measurements made at the device. The neural network structures considered had two
hidden layers with between 3 and 7 nodes in each layer. The input surface elevation time series was between 12 and
32 data points long, with a sampling frequency of
for the Galway bay site and
for the Pico site. For
the typically narrow banded spectral wave climate at the Pico location, excellent forecast accuracy was achieved
with up to about
forecast horizon. The performance was much lower for the typically broad banded sea states
occurring at the Galway bay location with excellent accuracy being achieved up to about
horizon time only. Of
the forecast models considered in (Fusco & Ringwood, 2010) only the AR model out-performed the NAR. In some
instances the NAR outperformed the AR, but these were limited to very broad, highly non-linear sea-states. As
discussed in section. 9.2.2.1, uncertainty in this otherwise excellent study is introduced by the fact that data was
filtered with a zero-phase non-causal low-pass filter with a cut-off frequency of
.
In (Fernandez H. , Vousdoukas, Schimmels, & Allajbej, 2013) an extension to the NAR forecast model is considered
where an exogenous input are included making it a closed loop NARX forecast model (which will be described in
more detail in the next chapter). The forecast target is the down-wave surface elevation
in the GWK large scale
wave flume (Hannover) and estimates of this value are fed back to be included in the input vector for a multistep
ahead prediction. The exogenous input is only known values of up-wave surface elevation
. Surface elevation
measurements of irregular waves with a JONSWAP spectrum were made by a wave gauge
from the wave
generator paddle. The NARX model was then tasked with forecasting the surface elevation down-wave at a location
with
wave propagation time (for the peak wave period of the spectrum). A range of sea-states (
and
and neural network architectures (single hidden layer with between 1 and 7
nodes) were considered. The number of data points in the input timeseries is not disclosed. In all cases a near
perfect forecast (at
forecast horizon) was achieved with only a slight under-prediction of the tip of the larger
amplitude peaks. The forecast accuracy was marginally better for sea states with higher . The mean squared error
for the 1-step ahead prediction (which is commonly used as indicator for the model performance) was in the range
of
to
. The forecast accuracy far surpasses any other study (except for when
non-causal filtering is performed). Treatment of the data and specifically pre-processing by filtering is not discussed
and the exceptionally high accuracy might be caused by the fact that the data is non-causal filtered. Alternatively it
might be caused by the idealised conditions of the wave flume, and as one would expect, it likely have exceptional
data quality with minimal noise. Because of the absorbing beach in the wave tank reflected and radiated wave will
likely be minimal and therefor minimal interference in the up-wave measurement and this is likely to be a strong
contributing factor to the excellent performance. Also if the water depth is considered to be shallow frequency
dispersion will be minimal and in this case the forecast model is primarily forecasting the energy dissipation of the
wave as it propagates between the up-wave and target location.
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In (Sheng & Lewis, 2010), experiments made with a small scale simple representation of a floating OWC devices in a
laboratory wave flume with irregular waves are reported. A closedloop Neural Network NAR type forecast model is
employed to forecast the air-flow (through a restriction orifice), the device motion in the 6 degrees of freedom
(DOF), and the surface elevation in the chamber. Forecasts of each variable are made from past and (after 1-step
ahead forecast) predicted values, of the same variable. Forecast were made with up to five data sampling periods of
horizon (the sampling frequency is not disclosed exactly but is suggested to be
). Reasonable forecast accuracy is
achieved up to the maximum 5-step ahead forecast horizon. The forecast accuracy of the lower frequency DOF
motions of the device was superior to the higher frequency; Heave motion, air-flow rate and surface elevation in the
chamber. This appears to contradicts the arguments made in (Fusco & Ringwood, 2010) for the validity of using noncausal zero-phase filtered data to approximate the low-pass filtering effect between the driving water surface
elevation and the result heave motion of point absorber.

3.2.3 Other univariate forecast methods
In (Fusco & Ringwood, 2010) two other approaches to the short term univariate wave forecasting problem, using
past measurements made at the device only, are presented.

3.2.3.1 Cyclical model
The Cyclical model attempts to more directly replicate the physical formation of irregular waves which are the
product of a non-discreet combination of directional regular wave components. The Cyclical model proposed
simplifies this phenomenon by expressing the water surface elevation as a superposition of
specific linear nondirectional harmonic components. The phase and amplitude of each harmonic component is specified by the model
coefficients that must be found by fitting with the available data. This is expressed mathematically as;

Eq. 3-24
where

and

are the model coefficients and

is an error term.

The frequency components being considered need to be chosen and in (Fusco & Ringwood, Short-Term Wave
Forecasting for Real-Time Control of Wave Energy Converters, 2010) small equally spaced values of
that span the
spectral range were considered. More complex specification of the
values, such as a non-homogenous
concentration of the frequency components in the region of interest, could be made. Each component is weighted
with the model coefficients and which provide an on-line update the current amplitude and phase information.
However, the
values are fixed in time so that the output will always be a product of the specific frequency
components considered. The amplitude model presented in Harvey was employed and this is described by;

Eq. 3-25
and

Eq. 3-26
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and its complex conjugate is the model of the cyclical components.

In state space form Eq. 3-26 becomes;

Eq. 3-27
and Eq. 3-25 becomes;

Eq. 3-28
where

Eq. 3-29

Eq. 3-30

Eq. 3-31

Eq. 3-32
Least squares estimates of a number of past observations are used to initialise the model and a Kalman filter
(Kalman, 1960) is applied online for recursive adaption. The step ahead prediction of the surface elevation is made
using the estimate of the model’s parameters
, and;

Eq. 3-33
The cyclical model presented in (Fusco, Short-term Wave Forecasting as a Univariate Time Series Problem, 2009)
depends on the specification of a number of harmonic frequencies. This will approach a spectral representation of
the sea state as the discretisation resolution increases, but at the cost of increased complexity. Also the full range of
the frequencies components present in the sea state must be encompassed.
The cyclical model, in the structure that the authors proposes, achieved inferior forecast accuracy compared to the
AR model which implicitly defines the frequency components of the sea-state in the training data and avoids the
issues related to using discretised representation. The NAR forecast model also outperformed the cyclical model.

3.2.3.2 Sinusoidal extrapolation using the extended Kalman filter
In (Fusco, Short-term Wave Forecasting as a Univariate Time Series Problem, 2009) a modification of the cyclical
model is considered which assumes that at any instant the short-term wave time series is dominated by a single
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harmonic component of frequency , and the forecast is made with a single component of the cyclical model. The
dominate frequency component obviously varies rapidly in time and online up-dating of this single time-dependent
frequency component
is required. This approach is called a sinusoidal extrapolation, and is defined by;

Eq. 3-34
and
Eq. 3-35

where
is the adaptive frequency component at a data point in time ,
is a white noise disturbance term.

and

are error terms and

An estimate of the state vector is achieved though the extended Kalman filter based on the truncation of the first
order Taylor expansion of (3-35) (full details can be found in (Fusco, Real-time Forecasting and Control for Oscillating
Wave Energy Devices, 2012)), which is used to make the step ahead forecast;
Eq. 3-36
The forecast accuracy achieved using the sinusoidal extrapolation using the extended Kalman filter was found to
degrade rapidly with increasing spectral bandwidth because of the complete dependence on a single frequency
component to characterise an increasingly complex superposition. The model achieved further inferior accuracy to
the cyclical model and was worsened by an attempt to consider multiple frequencies through superposition of single
frequency sub models each dedicated to a different frequency component.

3.2.3.3 Non-linear next wave estimation
Unlike the forecast methods reviewed so far which aim to deliver a time-series forecast of the desired target
variable, (Price & Wallace, 2007) consider the forecast of a discreet parameters such as the time until the next wave
peak or trough which could be used for latching control of a point absorber, or the time and magnitude of the next
peak excitation force. Depending on the control strategy, selective discreet values of the relevant variables might be
sufficient. This approach was called non-linear next wave estimation.
The forecast model inputs were a number of carefully extracted scalars from the recorded time series made at the
device (so past measurements only). These were; wave excitation force, time of last wave zero crossing, magnitude
and duration of the past wave peak and trough, mean and variance of magnitude and duration of the excitation
force of the past 14 waves. The forecast target was the time until the next wave peak, but this could easily be
changed to another feature of interest such as the peak wave excitation force.
An extremely simple model termed the quadrant approach was considered which dissects the wave cycle into 4
parts with the boundary for each part being defined by the unique combination of the sign of the wave excitation
force and its first derivative. The estimated time length of each part (of the future wave cycle)
is simply taken as
on quarter of the mean of the last 14 wave cycles;
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Eq. 3-37
where

is the number of past wave periods used to find the estimate of the next wave period.

The estimate of time of the wave cycle part
, minus the time between the last wave part boundary and the
current point in time, plus the estimate of the time of each wave cycle part
that remains until the point of
interest (wave peak) occurs, gives the total time till the next point of interest. The model assumes that the wave
period has little short term variation and slowly changes over longer time ranges.
A linear regression model was also considered which defines a linear-relationship between the input vector (a
number of selected scalar values of interest relating to different features as listed previously) and the target by
finding the regression weights that minimise the least square error when applied to a training data set.
Finally a Neural Network was employed to find, through directed trail an error, a non-linear function that relates the
input vector, which is the selected scalar values extracted from the recent past time-series that might hold
information about the future event, to the target (time until next wave peak).
The three forecast models where used to forecast the time until the next wave peak, for a noisy sinusoidal wave and
a sea-state characterised by the Pierson-Markowitz wave spectrum. For the noisy sinusoid, as would be expected,
the quadrant method performed best but this is purely due to the fact that wave period and magnitude is essentially
static in time. For the irregular sea state the Neural Network significantly outperformed the quadrant and linear
regression approach. However, the quadrant approach did not perform too poorly showing that the assumption of
slow spectral variations (on the scale of 14 waves) has some validity. It should also be noted that all models under
predicted the magnitude of the target.

3.2.4 Summary
The forecasting models proposed in the literature can be grouped by three distinct approaches;
1.) The transfer of measurements made up wave of the device, to what will later occur at the device using
digital filters or Neural Networks
2.) Predicting future behaviour at the device based entirely on past measurements made at the device using
Autoregressive or cyclical forecast models.
3.) A combination of the above
There are a number of un-desirable factors associated with transferring measurements made up-wave of the device
(option 1) to what later occurs at the device. The forecast horizon time is restricted by the separation distance
between the device and the up-wave sensor and the propagation velocity of the incident wave. Decreasing the
separation distance, decreases the forecast horizon time and increases the influence of interference (with the upwave measurements) resulting from reflected and radiated waves propagating up-wave from the device. To rectify
this an array of sensor is required to decomposed the incident and scattered wave superposition which will incur
cost and potential for failure as well as computational expense. Increasing the separation distance will increase the
forecast horizon but will also incur an increase in the influence of non-linarites of wave propagation such as; wavedirectionality, dispersion effects, wave-wave interactions and shallow water effects such as refraction. Dealing with
these issues requires increasing complexity in the transfer forecast model. However, this approach might be more
favourably if the identification of extreme events is the forecast target as they will be measured directly instead of
being inferred from the residual behaviour. This could be important if control is focused on survival of the device.
The univariate approach to forecasting considers future behaviour at the device exclusively from past measurements
made at the device (option 2). This approach removes the complications associated with wave directionality, the
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need to directly model wave propagation, interference of up-wave measurements from waves reflected and
radiated form the device, limited forecast horizon time and the cost and risk of deploying additional sensors away
from the relative safety and convince of the device. For these reasons this approach is very appealing provided the
forecast accuracy is sufficient for the application. Exceptional forecasting accuracy has been achieved in the
literature using univariate forecast models but only when the spectral bandwidth is artificially shortened with a zerophase non-causal filter which is not realisable in real-time. In the author’s opinion, the forecast accuracy that can be
achieved on-line using raw data or with data that has been causally filtered is still un-clear and this is a critical point
that needs clarification. The most promising univariate models fond in the literature are Autoregressive models and
Neural Network Non-linear Autoregressive models.
The combination of regressive forecasting methods using past measurements made at the device and measurements
made up wave, or by combining regressive forecasts from measurements made at the device with digital filtering of
measurements made up-wave of the device (option 3) has received far less attention in the literature and needs
further consideration.
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4 CASE STUDY#1: OPTIMIZATION OF THE PICO PLANT OWC
ENERGY PRODUCTION USING SHORT TERM WAVE
PREDICTION
Based on research done in the scope of Marinet, published in (Monk, Conley, Lopes, & Zou, 2013), (Paparella, Monk
K., Lopes, & Conley, 2015)

4.1 INTRODUCTION
Pico is one of the few full scale, grid connected, wave energy converters (WEC) in the world. It is a shore mounted
oscillating water column type WEC located on the Portuguese island of Pico in the Azores archipelago. The plant has
a chamber with a submerged opening to incident waves. Details and dimensions of the plant can be found in (Falcão
A. F., The shoreline OWC Wave Power Plant at the Azores, 2000).
The oscillation of the water surface from wave action acts as a piston to compress and expand air in the chamber,
creating a reciprocating flow through a duct connected to the atmosphere that house a Wells turbine connected to a
generator. A Wells turbine is used because the tangential lifting force on the turbine blades is in the same direction
regardless of the air flow direction. Also the comparative simplicity of a fixed blade turbine compared to variable
pitch turbines is appealing. However, one limitation of the Wells turbine is the stall effect. The angle of attack of the
turbine blades is the angle between the vector sum of both the velocity of the blades and the velocity of the driving
air flow, and the plane of the turbines rotation.
When the turbines velocity slows or the driving airflow velocity increases the angle of attack increases. At a critical
upper threshold of the angle of attack, the boundary layer separates from the blade surface leading to a loss of lift
and increased drag. When this occurs the turbine is classified as stalling. The pneumatic to mechanical power
conversion efficiency is also dependent on the relative angle of attack and the stall effect limits the upper level of
pneumatic to mechanical power transfer. When the turbine is stalling high levels of vibration and noise occurs,
which has both significant: accelerated mechanical fatigue and environmental impact, implications.
To extend the operational sea-state range of the plant, a large slow moving sluice gate, acting as a pressure relief
valve, is installed in parallel to the turbine, on the roof of the chamber as shown in Figure 4-1. The aperture of the
relief valve when fully opened measures 1.3m by 1.3m. It is actuated by a hydraulic ram and takes approximately 26
seconds to move its full range. This can be partially or fully closed to regulate the pneumatic power exposed to the
turbine, and to vent over pressure from the chamber when the plant is not operational. This allows the machine to
operate in a much broader range of sea states without the frequency and intensity of stalls becoming unacceptably
high. Without the relief valve the operational range would be quite limited.
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Figure 4-1 - Cross shore schematic of the OWC plant and near-shore sensor system (air-chamber). The location of the relief
valve is shown along with a picture of the actual valve.

Previously the relief valve aperture control was done in an essentially static way and was only adjusted when the sea
state, changed significantly. The stall effect was a frequent occurrence, but only for the peak flow of the exhale
(compression) part of compression/expansion cycle. Besides selecting different power take off curves, operational
control was limited to either: setting a smaller relief valve aperture which would deliver more pneumatic power to
the turbine with greater levels of power production generally being achieved, but incurring more frequent stalls of
the turbine, or with a greater valve aperture wasting more pneumatic to the atmosphere but incurring less frequent
stall events.
Two types of control strategies have been identified to maximise power generation and/or minimising turbine stall
frequency: 1) control the electromagnetic torque applied to the turbine and 2) control chamber pressure with a
relief valve. These control strategies may be used independently or simultaneously.
As discussed extensively in (Falcão A. d., 2002) and (M. Alderbi, 2011), the electromagnetic torque imposed on the
turbine by the generator can be controlled to better match the turbine speed to the available wave energy in order
to enhance the power production and/or reduce the frequency of turbine stalls. Active electromagnetic torque
control could be used on a wave by wave basis using short term forecasting to provide sufficient time for the
adjustment of the turbines angular velocity. Alternatively different angular velocity dependent power take off curves
can be defined for different sea states which aim to keep the turbines rotation speed in a range that is most
receptive to the greatest proportion of waves for the that particular sea state.
Regulating the chamber pressure with relief valve control is theoretically considered in (Falcao, Vieira, Justino, & S.,
2003). A series of hypothetical fast acting relief valves (around 0.07s for full aperture change) which actuate based
on real-time pressure readings in chamber with a small delay (which is varied and assessed in the study). The
combined total aperture of the series of relief valves was 1 m2 . The control system is simulated numerically with the
relevant physical, operational, and wave climate, parameters of the Pico OWC. In (Falcao, Vieira, Justino, & S., 2003)
the potential increase in annual power production from this hypocritical relief valve configuration and control
strategy is assessed and found to be around 25%.
In this study we concentrate on the developing a control strategy to regulate the pneumatic power exposed to the
turbine by adjusting the relief aperture in real-time. This relief valve control strategy necessarily differs significantly
from the hypothetical control strategy and relief valve configuration presented in . This is because the actual relief
valve installed at the Pico OWC has a slow aperture adjustment rate. As such rapid response of the valve to the
evolving pressure measured in real time in the chamber is not possible and forecasting of the hydrodynamics in the

Rev. 01, 18-Mar-2015
Page 38 of 69

D4.10

Real Time Estimation of Incident Waves

chamber is required to provide enough time to sufficiently adjust the relief valve aperture. Control with
electromagnetic torque is not considered.
In this study we concentrate on the developing a control strategy to regulate the pneumatic power exposed to the
turbine by adjusting the relief aperture in real-time. This relief valve control strategy necessarily differs significantly
from the hypothetical control strategy and relief valve configuration presented in (Falcao, Vieira, Justino, & S., 2003).
This is because the actual relief valve installed at the Pico OWC has a slow aperture adjustment rate. As such rapid
response of the valve to the evolving pressure measured in real time in the chamber is not possible and forecasting
of the hydrodynamics in the chamber is required to provide enough time to sufficiently adjust the relief valve
aperture. Control with electromagnetic torque is not considered.
In the literature two main options exist for short-term wave forecasting for wave by wave control of a WEC. The first
is to forecast the hydrodynamics at the WEC using past measurements also made at the WEC. In (Fusco & Ringwood,
Short-term wave forecasting with AR models in real-time optimal control of wave energy converters, 2010) the
ability of a number of forecast models to predict the surface elevation at a wave buoy from previous data is
assessed. The best results were achieved with an autoregressive model giving good accuracy within a prediction
horizon of up to 2 wave periods in advance. In (Fischer , Kracht, & Perez-Becker, 2012), adaptive filters are used for
short-term wave prediction and are implemented into a programmable logical controller to assess the actual
functionality in real-time. The prediction horizon for an accurate surface elevation forecast was much shorter than in
(Fusco & Ringwood, Short-term wave forecasting with AR models in real-time optimal control of wave energy
converters, 2010) which was only a couple of seconds, although wave period was forecasted well at longer
prediction horizons. The second option for short-term wave forecasting is the prediction of the incident wave
parameters at the WEC from measurements made up wave of the WEC. This is considered in (Tedd & Frigard, 2007),
(Ferri, Mahdi, & Frigaard, 2012) using filtering methods and in (Dannenberg, Hessner, Naaijen, van den Boom, &
Reichert, 2010) using wave propagation modelling.
In this study we opted to use a neural network to forecast the chamber hydrodynamics from measurements made
approximately 60m up-wave of the chamber front wall. The forecast model and control algorithm is discussed in
more detail in the following methods section.

4.2 METHODOLOGY AND RESULTS
Originally an “Aquadopp” combined hydrostatic pressure sensor and ADCM (acoustic Doppler current meter) unit
was used to measure and record the hydrodynamics approximately 60m up wave of the chamber front wall. Due to
the extremely harsh wave climate the data cable providing the live data was severed almost immediately by boulder
movement. The Aquadopp was repeatedly re-deployed to record data internally but the live data was not available.
Due to the expense of the cable and the likelihood of repeat damage an alternative system to measure the incident
wave hydrodynamics was developed and deployed at the same location as the ADCM in spring 2012. The system is a
hydrostatic wave pressure sensor. A small steel box with an open bottom edge is periodically filled with air from a
compressor inside the plant via a pneumatic hose supported by a steel cable. A basic schematic of the setup is given
in Figure 4-1. The pressure of this trapped air pocket is then measured in the plant with a pneumatic pressure
transducer via the same pneumatic hose. The water surface elevation is then estimated by:
Eq. 4-1
Where
is the hydrostatic water pressure approximately 60m in front of the chamber wall,
is the density of sea
water, is the acceleration of gravity. It is an estimate of vertical surface velocity because some hydrodynamic or
pneumatic losses might occur. From here forward we will refer to any measurements made at the pneumatic or
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Aquadopp sensors, which are both located approximately 60 meters in front of the chamber wall, as “near-shore”
measurements.
The near-shore sensor provides measurements of the incident wave hydrodynamics, which after: electrical, media
conversation and computational processing delays, gives approximately 7 seconds before the same part of the wave
cycle occurs in the chamber. The relief valve aperture can be adjusted by approximately 30% of its full range in 7
seconds which allowed real-time active control of the relief valve to be considered for the first time. A simple
algorithm was deployed to control the relief valve using the estimated vertical water surface velocity
measured
at the near-shore sensor as an indicator of the subsequent hydrodynamics in the chamber and the potential for this
to result in a turbine stall. It relied on a few basic logical commands and recorded the response which it used to selfadapt its operational parameters. Its self-adaptation objective was to find an optimal equilibrium state, where the
mean relief valve aperture was as small as possible whilst the frequency of turbine stalls and relief valve actuation
cycles did not exceed the number defined by the operator. This equilibrium state was constantly being evaluated
and would change with the changing sea state. The function of the control system was to evaluate each incident
wave and to open the relief valve aperture on the detection of substantially larger waves to exhaust excessive
pressure. A more closed relief valve aperture would be set for the lulls between periods of strong wave action
Despite the simplicity of the system, turbine stalls were reduced to a very low frequency. This first active relief valve
control system was only operational in its final form for a total of 4 days before the Pico plant entered an extended
non-operational period. Therefore, it is not possible to make rigorous quantifications of the changes in power
production. However, during this short period a 15 minute mean power production of 68 kW was achieved
surpassing the old record of 65 kW. This initial indication of enhanced power production is supported when we
assess the power matrices with and without the control algorithm as shown in Figure 4-2. The data points of Fig. 2
show the maximum mean production achieved in any 15 minute period for (a) all available data preceding the relief
valve control system deployment and (b) the 4 days with the relief valve control system functioning. The average
enhancement of power production over all sea sates is seen to be 5% when using the relief valve control system. The
data pool for relief valve control is low and the result is not conclusive. However, the comparison is considered to be
as harsh as possible in evaluating any potential improvements in power production from relief valve control. This is
because we are comparing the maximum production values over a 2 year period (without relief valve control)
against 4 days (with relief valve control).
The original relief valve control system has much room for improvement because it did not factor many of the
variables that are theoretically important in forecasting the transmission of incident wave hydrodynamics from the
near-shore to the chamber, and the resultant pneumatic power delivered to the turbine.
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Figure 4-2 - Comparison of the power matrices for maximum mean power in any 15 minute period for different permutations of significant wave height
and peak period

using all available data, for: (a) without relief valve control, (b) with relief valve control and (c) the difference between no relief valve
control and relief valve control as a percentage of the corresponding no relief valve control maximum power value.

The objective of this research is to develop a new algorithm to actively control the relief valve aperture so that the
peak pneumatic power of each wave cycle approaches but does not breach the turbine stall threshold, thus
providing the maximum pneumatic power possible, considering the limitations of the actual relief valve installed at
Pico, without the turbine stalling. Adjustment of the relief valve is slow so short-term forecasting of the
hydrodynamic transfer from the near-shore to the chamber and the resultant pneumatic behaviour is required to
allow sufficient time to set the relief valve aperture, before the incident wave reaches the chamber.
Forecasting the optimal relief valve aperture from incident near-shore wave measurement was achieved in three
distinct steps: 1) Forecast the hydrodynamics in the chamber from the measured hydrodynamics at the near–shore
sensor 2) Determine the threshold angular velocity dependent maximum air-velocity that the turbine can be
exposed to without a stall occurring. 3) Predict the optimum relief valve aperture that delivers the maximum air
velocity to the turbine without breaching the angular velocity dependent stall threshold (step 2), from the forecasted
chamber hydrodynamics (step 1).
As we are in the rare position of having operational data at our disposal, we opted to derive the forecast stages from
the data instead of from theory. The main motivation for this is that the basic theory for hydrodynamic transfer,
hydrodynamic to pneumatic transfer and mechanical response, might not factor in the specifics of the Pico plant.
These include but are not limited to: hydrodynamic and pneumatic losses in the chamber and duct system due to the
large holes that have developed, the specific shape of the coastline and its effect on wave reflections effecting the
near-shore wave measurements, the exact location, type, limitations and noise in the sensor and data acquisition
systems used. It should be noted at this point that as the control algorithm will ultimately operate with sensor data
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in real-time the forecast stages were derived from existing data that was only filtered in a way that can be replicated
in real-time i.e. box car averages etc. All forecast stages are deterministic.
A. Forecast step 1 – The vertical water surface velocity in the chamber
In order to forecast the pneumatic power exposed to the turbine we first need to forecast the vertical water surface
velocity
(time derivative of surface elevation) in the chamber, as this controls the rate of air compression. For
convenience we will sometimes refer to the vertical water surface velocity in the chamber , normalised by the
vertical water surface velocity at the near-shore sensor
. The ratio
is similar to the amplification factor or
RAO (response amplitude operator) parameter commonly used in the literature which refers to the normalised
surface elevation.
As discussed earlier the forecast stages and control algorithm were developed using operational data. To achieve
forecast step. 1 we used an Artificial Neural Networks (ANN), because of its ability to finding complex relationships in
data involving a large number of variables. For the ANN to find patterns between known input data and target data,
and therefore be effective in forecasting an unknown output from future input data, it must be provided with the
relevant physical parameters that influences the output. Therefore, even though we will not use theoretical
relationships directly to construct our forecast system, it is still important to review the literature to identify which
variables could be important, and ensure this data, where possible, is available to train the ANN. In the literature we
see that
is theoretically dependent on a number of variables which are identified in the following.
The water mass oscillating in the chamber will have a natural frequency. The resonant wave period
(Evans & Porter, 1995) as:

is given in

Eq. 4-2
Where is the water column draft in the chamber and is gravitational acceleration constant. This is modified
in(Veer & Thorlen, 2008) , to account for water columns of large horizontal cross-sectional area :
Eq. 4-3
Both the incident wave period and tide position which effects the water column draft will theoretically affect
, because of resonant amplification and should be included in the training of the ANN. The maximum tidal
range at the Pico plant is 1.8 m.
As shown experimentally in (Morrison & Greated, 1992) and numerically in (Zhang, Q. P., & Greaves, 2012), when
the hydrodynamic flow rate at the chamber lip, from the volume flux of water entering the chamber from wave
action, is high enough, separation of flow occurs. Under these conditions vortices are formed that dissipate energy
and reduce the hydrodynamic transfer efficiency. By continuity the hydrodynamic flow rate at the chamber lip is
dependent on the vertical velocity of the water surface in the chamber
. As
is a function of the amplitude of
the incident wave and also the wave period, both because of amplification through resonance (equation 2) and
simply because of the angular velocity, both incident wave amplitude and wave period (already identified) will
theoretically affect the hydrodynamic efficiency and consequently
and should be both included in the
training of the ANN.
The chamber lip is further investigated in (Morris-Thomas, Irvin, & Thiagarajan, 2007) who show experimentally that
when the gap between the sea floor and the chamber lip is shorter, the hydrodynamic flow rate into the chamber
must be greater for continuity. Therefore separation of flow occurs for smaller
with associated reduction in
hydrodynamic efficiency. However this effect was found to be negligible past a certain threshold of
because
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separation of flow appears to approach an upper limit so that the hydrodynamic losses are somewhat limiting. They
also confirm the relationship in equation 2, that the resonant period is shifted to a larger value when the draft of the
front wall is greater because the increased mass confined in the chamber changes the natural frequency. The
chamber horizontal cross sectional area is 12m x 12m, the thickness of the front wall is 1.8m and has a draft of 2.5m
from mean water level and has a semi-circular lip.
As shown in (Delauré & Lewis, 2001), using a boundary element model, the length of the chamber also effects the
amplification of incident waves in the chamber and the resonant period. However in the case of the Pico OWC the
chamber length is constant so data specific to this cannot be given to the ANN to construct the forecast matrix for
forecasting , but this effect will be included indirectly in the result.
The consideration of the compressibility of air in the chamber and damping is shown in (Folley & Whittaker, 2005) to
shift the optimum performance period to a lower value than described by just the dimensions of the plant and the
oscillating water column mass (when air is considered incompressible). Therefore, air compressibility can either
amplify or dampen the oscillation of the water column in the chamber depending on the incident wave period. They
assess the effect of the non-dimensional air compliance parameter,
, , on the power capture:
Eq. 4-4
Where is the effective height of the air chamber (air-chamber volume / water surface area), is the incident wave
period,
is the density of water and is the specific heat capacity of air, and
the density of air at atmospheric
pressure. They find that the air compressibility acts to decrease the device’s power capture performance when
. The peak performance maxima is found at a point when
, which exceeds that of when air
compressibility is not considered.
In (Folley & Whittaker, 2005) the compressibility of air is also seen to affect the power capture and this is a function
of the volume of the air chamber which again is a function of the tidal position.
The mass flow rate of air leaving from the relief valve will affect the pressure evolution in the chamber and hence
the radiation wave damping effect, on the hydrodynamic efficiency, which is potentially significant as shown in
(Zhang, Q. P., & Greaves, 2012). The mass air flow rate from the relief valve (for an ideal gas with flow being an
isentropic process) is given in (Alves, Vicente, Sarmento, & Guerinel, 2011) as;
Eq. 4-5
Where
is the valve aperture (0 for closed and 1 for open),
the isentropic expansion factor.

the aperture area,

the discharge coefficient, and

As shown in (Folley & Whittaker, 2005) the mass flow rate of air passing the turbine is dependent on the angular
velocity ;
Eq. 4-6
Where

is the turbine diameter, is the atmospheric pressure,
, where is the chamber pressure and
which is the dimensionless turbine characteristic, with
being the pressure coefficient
and
, the flow coefficient. As the angular velocity of the turbine regulates the rate at which air can
escape the chamber it will also influence the damping effect from the compressed air in the chamber, as discussed
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previously. Therefore. the turbine angular velocity should also be provided in the construction of the ANN which is
used to form the forecast matrix. However, this will likely be eclipsed by the effect of the relief valve position which
could not be included in the formation of ANN at this point in time due to insufficient data.
Unfortunately the acquisition of data for the relief valve position only commenced a short while before the Pico
plant last operated and operational data with the relief valve position recorded is too limited to be included in the
construction of the ANN. To factor in the effect of chamber pressure on wave radiation and the effect this has on
damping oscillation and hence the forecast
, we would also need to be able to forecast the chamber pressure
associated with the incident wave measured at the near-shore sensor. Measuring it in real-time, of course, would be
too late to be factored in to the relief valve control. As the effect of the relief valve position will have such a large
effect on the evolution of the chamber pressure, it does not seem appropriate to attempt to forecast chamber
pressure and include this forecasted variable in the training data for the ANN, without first having information on
the relief valve position. Addressing this issue will hopefully further enhance the forecast in the future when
sufficient data becomes available.
Finally, as the control algorithm will rely heavily on the incident wave parameters measured at the near-shore
sensor, interference from wave reflections is a major consideration and potentially a limiting factor. Depending on
the amplitude and period of the preceding wave (reflected from the plant), and incident wave constructive or
destructive interference will occur to some extent modifying the measurement of the true incident wave parameters
at the near-shore sensor. Therefore, we provide the ANN with information regarding the preceding wave from both
the near-sensor and the chamber. So that any relationship between preceding waves (reflected from the plant) and
the subsequent modification of the incident wave’s parameters due to interference, will be factored into the
forecast.
To construct the ANN for forecasting the vertical water surface velocity inside the chamber, the following
parameters as identified in the above to theoretically influence the
, and that would be available in real-time
to the final control algorithm, were provided in the training of the ANN;
1. The zero up crossing wave period measured 60 m in front of the plant
2. The preceding zero up crossing wave period measured 60 m in front of the plant
3. The preceding zero up crossing wave period measured in the chamber
4. Peak water surface vertical velocity measured 60 m in front of chamber
5. Preceding Peak water surface vertical velocity measured 60 m in front of chamber
6. Preceding peak water surface vertical velocity measured in chamber
7. Tidal displacement from mean water level
8. Turbine angular velocity
Because the relief valve is slow moving, synchronisation of the relief valve aperture to the full cycle of , is not
possible. Therefore, our relief valve control strategy is limited to a single relief valve aperture size per wave cycle. As
the primary goal of this research was to maximise pneumatic power delivery to the turbine, whilst eliminating stalls,
this target aperture size will be such that the peak positive value of of the wave cycle delivers a level of pneumatic
power to the turbine that is close to but does not breech the threshold for stall. As such the peak value of
is the
ANN forecast target, and a full time-series prediction of is of little use.
If in the future a faster acting relief valve is installed that could keep pace with the change in , throughout the
entire wave cycle, a forecast of the full time-series of the water surface vertical velocity in the chamber would be
desirable. This would result in an ideal situation where the maximum tolerable and available, pneumatic power is
delivered to the turbine throughout the full wave cycle and not just at the peak of the exhale part of the cycle. A
forecast of the full time-series of would require the application of a dynamic neural network due to the time lags
in dynamics of the system.
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For our purposes, a simple feed forward ANN is sufficient for generalisation between the input data vector
(containing the relevant parameters of a full wave cycle) and the output peak . The network was constructed with
one hidden layer containing 10 neurons as this was found to give marginally greater accuracy than with other
numbers of neurons that we tested. The network was trained using the Lavenberg-Marquardt back-propagation
learning algorithm. 52000 independent data vectors, each representing one completed wave cycle (as defined by the
zero up-crossing at the near-shore sensor) were used to: train, validate and test the network. being randomly
divided into the following proportions: 70%, 15% and 15%, respectively.
Although we do not instruct the ANN on the dependency strength of the output on each input variable, it is still
interesting to analyse the dependency of the target on the different individual input variables. This is most easily
interpreted when
is normalised by
. As
is dependent on many factors simultaneously and because of
noise and fluctuations in the data quality, the data points of
with respect to a single variable are distributed
broadly. In order to identify any underlying trends we must apply some sort of fitting curve. A polynomial of degree
5 was chosen to show the best fit trend line for each variable and these are seen in Fig. 3. Three data periods
corresponding to three complete deployments and data retrieval of the Aquadopp hydrostatic pressure sensor were
used to assess the relationships between
and the different variables considered. The data from the three
periods are kept separate in order to confirm that any trend lines fitted with the polynomial are consistent in both
scale and shape throughout the data.

Figure 4-3 - Polynomial fitted curves of order 5, fitted to raw data corresponding to three Aquadopp deployment periods 1.) blue - 08/11/2010 –
21/11/2010, 2.) red - 21/11/2010 – 22/02/2011 and .3) green - 21/02/2012-22/03/2012, showing the relationship
when the plant is both operational
and non-operational for the following parameters; (a) zero-up crossing wave period (near-shore), (b) water surface vertical velocity (near-shore), (c)
preceding zero-up crossing wave period (near-shore), (d) preceding water surface vertical velocity (near-shore), (e) preceding zero-up crossing wave period
(chamber), (f) preceding water surface vertical velocity (chamber), (g) turbine angular velocity, (g) tide position from mean.
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Although we do not instruct the ANN on the dependency strength of the output on each input variable, it is still
interesting to analyse the dependency of the target on the different individual input variables. This is most easily
interpreted when
is normalised by
. As
is dependent on many factors simultaneously and because of
noise and fluctuations in the data quality, the data points o
f with respect to a single variable are distributed
broadly. In order to identify any underlying trends we must apply some sort of fitting curve. A polynomial of degree
5 was chosen to show the best fit trend line for each variable and these are seen in Figure 4-3. Three data periods
corresponding to three complete deployments and data retrieval of the Aquadopp hydrostatic pressure sensor were
used to assess the relationships between
and the different variables considered. The data from the three
periods are kept separate in order to confirm that any trend lines fitted with the polynomial are consistent in both
scale and shape throughout the data.
There are a number of interesting points to note from the subplots of Figure 4-3. Figure 4-3a shows that the
profile
with respect to is skewed compared to what we expect from the theory in (Folley & Whittaker, 2011)
for example. The natural period appears to be 15 s which is significantly higher than the dominant wave period for
this geographic location that the plant’s dimensions where designed for, which is in the region of 11s. Also there
appears to be a second resonant peak at very short wave periods.

Figure 4-4 - (a) Comparison of wave period spectral distribution of wave periods as measured in the chamber with the wave period measured at the nearshore sensor. (b) The difference in wave period measured at the near-shore sensor and the wave period measured for the same wave in the chamber. Plots
are histograms are shown as percentages of the total the sample size which is 52000 completed wave cycles.

The wave period spectral distribution, given in Figure 4-4a, shows a significantly higher number of shorter period
waves recorded at the near-shore sensor compared with to those recorded at the chamber. This strongly suggests
that waves reflected from the plant structure and surrounding coastline interfere with incident waves at the nearshore sensor, causing artificial zero crossings to be registered so that a longer period wave is registered as becomes
two short period waves. This is affirmed by examining the difference in wave period of each wave as it is measured
at the near-shore sensor and subsequently in the chamber as shown in Figure 4-4b. A greater proportion of waves
have a shorter wave period measured at the near-shore sensor than in the chamber showing that in terms of zero
crossings and wave period measurements, destructive interference dominants the shift in wave period distribution.
Constructive interference is also present as seen by the proportion of waves that have their wave period extended.
The artificial down crossing from destructive interference will result in waves which appear to have very short wave
periods but that also have the amplification of longer waves (in the chamber). This would explain the apparent
resonant peak seen for short wave periods in Fig 3a, that does not agree with the theory.
Figure 4-3b again shows the effect of destructive interference, as there is a relatively large value of
when
is small. But again this is likely an artefact as in actuality the incident wave has been destructively interfered with at
the near-shore sensor location rather than being amplified to such large extents by resonance in the chamber. It may
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however be enhanced by the low viscous losses associated with low hydrodynamic flow rates for smaller waves.
There is also a steady decline in
with increased
which could be explained by increased hydrodynamic
viscous losses and/or from radiation damping from the increase in chamber pressure assorted with larger waves.
Figure 4-3c shows the preceding wave amplification curve which is more in line with what we would expect Figure
4-3a to look like from the theory (if there were no reflected waves) with a clear natural period peak. Figure 4-3d
shows there is no clear relationship between the preceding wave’s vertical surface velocity at the near-shore sensor
and Figure 4-3 . This is likely to be because some preceding waves are smaller and some larger and overall they
cancel each other out when the polynomial curve is fitted, leaving a mean amplification factor of approximately 2.
Figure 4-3e shows the relationship between
and the preceding wave period as measured in the chamber. As
the preceding wave is likely to have a wave period similar to the incident wave, the resonance curve takes the form
of what we expect from the theory (see for example (Folley & Whittaker, 2011)). One residual difference from the
theory is the grater amplification of very short period waves which again might be explained by destructive
interference at the near-shore sensor. Figure 4-3f shows that
is greater when
is greater, the only
possible explanation we were able to make for this is that reflected preceding waves of greater would interfere
more strongly with the incident wave, which as show in Figure 4-3b, is most likely to be in the destructive direction,
resulting in a greater value of
.
Figure 4-3g shows that there is no clear relationship between
and the turbine angular velocity
. This is
likely to be because the relief valve aperture is not considered and would likely eclipse the effect on the pressure
evolution from the regulation of airflow by the turbines angular velocity (equation 3-6). From the theory we might
expect to see a reduction in
with an increase in
as the chamber pressure is phase shifted due to the
restriction of air flux by high turbine angular velocities which would have a damping effect on the chamber
hydrodynamics. Figure 4-3h shows that the effect of the tide on
is not clear. One might expect to see an
increase in
when the tide position is such that the plant’s natural period matches the dominant wave period,
but this is not seen clearly in the data. This relationship might only become clear when the incident wave period is
considered simultaneously. It is also interesting to note that in almost all subplots of Figure 4-3 there is an increase
in
when the plant is non-operational. This is likely to be due to the fact that when the plant is nonoperational the relief valve is always fully open so that the air pressure in the chamber is typically less than when the
plant is operational and subsequently the radiation damping effect on the hydrodynamic oscillation in the chamber
is lower.
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Figure 4-5 - Polynomial fitted curves of order 5, fitted to raw data corresponding to three Aquadopp deployment periods 1.) blue - 08/11/2010 –
21/11/2010, 2.) red - 21/11/2010 – 22/02/2011 and .3) green - 21/02/2012-22/03/2012, showing the relationship between
when the plant is both
operational and non-operational for the following parameters that could not be used to train the ANN because they are not known in advance of the event
that is being forecasted.; (a) zero-up crossing wave period (chamber), (b) the water surface vertical velocity measured (chamber), (c) the max air pressure of
the wave cycle in the chamber in units of mbar.

Data from the incident wave parameters as measured in the chamber: , and which is the chamber pressure,
cannot be used in the forecast because they happen simultaneously or are indeed the parameter that we are
forecasting. However, it is still interesting to exam the relationship with
. Figure 4-5a shows a similar profile
to Figure 4-3c and Figure 4-3e and is somewhat in-line with the theory of the system’s natural frequency except for
the larger amplification of very short period waves. Figure 4-5b shows an increase in
with an increase in .
This does not appear to agree with the theory that suggests greater hydrodynamic losses occur with greater values
, and also greater damping from increased air pressure, and might be again an issue with reflected wave
interference. This needs further investigation. Figure 4-5c shows a decline in
with increasing chamber
pressure which is in-line with theory that states that radiation damping of the hydrodynamic oscillations increases
with air pressure.
When the ANN was trained with all the available data simultaneously the extremes of the peak envelope, were
under predicted. This is problematic because these are the waves that are most likely to cause the turbine to stall.
This was dealt with by separating the data into sets based on the value of with respect to the local mean
and
standard deviation of the preceding 1 hour of data. Data was divided in to the following sets: those less than the
local mean
, those between the local mean and the local upper standard deviation
and finally those above the local standard deviation
. A separate ANN was trained for each of the
three data sets. In operation the trained ANN that is used to forecast the peak
(forecasted peak vertical water
surface velocity in the chamber) will be determined on a wave by wave basis and by the parameters
,
and
.
To try to quantify the accuracy of the ANN forecasted vertical water surface velocity
we evaluate the difference
between
and the true for every wave cycle of the whole of the most recent Aquadopp data collection period
(period 3, 21/02/2012 to 22/03/2012). A short sample operational time series of the forecasted peak wave envelope
is shown in Figure 4-6.
To aid with the evaluation we define the statistical parameters:
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1 - the difference between the unmodified vertical surface velocity at the near-shore sensor
chamber vertical surface velocity , as a percentage of so that

and the

2–
- the difference between the ANN forecasted vertical surface velocity in the chamber
actual chamber vertical surface velocity as a percentage of so that

and the

Figure 4-6 -Example time series of measured target water surface vertical velocity in chamber

(blue), the peak water surface vertical velocity envelope
at near-shore sensor (red) and the ANN forecasted peak water surface vertical velocity envelope in the chamber
(green)

Table 3 - % Improvements in forecasted vertical water surface velocity (chamber) using ANN compared to the raw vertical
water surface (near shore)

The table above, shows that the ANN trained on all available variables, on average, for each wave cycle of the whole
of data collection period 3, predicts the value
to between 26.8% and 11.7% of the true value. The accuracy
increased with the relative local increase of
, with the accuracy the ANN forecasted
value peaking for waves
with
greater than one standard deviation greater than the mean. This is the range most relevant for stall
reduction purposes. Table 1 also shows the accuracy of the ANN when trained on only the incident and preceding
wave parameters measured at the near-shore sensor, and for just the incident wave parameters measured at the
near-shore sensor. With the reduction in the number of variables there is a notable reduction in accuracy of the ANN
forecast. However, this might be justifiable from an operation perspective due to the reduction in the reliance of the
accuracy of multiple data signals and hence a reduction in the potential for error.
Forecast step 2 – Turbine angular velocity dependent air velocity stall threshold
As mentioned before, from monitoring it was found that the onset of a turbine stall could typically, but not infallibly,
be identified by a sharp increases in the vibrations of the turbine generator structure. So a threshold value of the
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time derivative of the vibrations , which was found from monitoring to be 10 mms-2 , was used to identify when the
turbine stalled in a wave cycle. In Figure 4-7 it is seen that there is a large band that does not fit the trend of the
rest of the data, and is clearly anomalous form the theory. This is because the 1st harmonic of the generator turbine
structure is within the operational turbine angular velocity range. In this region, due to the natural frequency of the
generator turbine system, vibrations are already significant so additional vibration and the associated gradient is less
prominent.
Using the vibration gradient as an indicator for stall events and for determining the angular velocity dependent
threshold air-velocity for stall, for use with the relief valve control algorithm, is less than ideal. For implementation
into the algorithm we were forced to interpolate through this 1st harmonic region. A more accurate method of stall
detection should be considered in due course to enhance the accuracy of this forecast step.

Figure 4-7 - Matrix 2 for identifying the maximum forecasted air-velocity that will result in a vibration gradient below the stall threshold, at a specific
turbine angular velocity. A local linear regression smoothing with a span of 25% is applied to smooth and identify the main data trends.

The final forecast step required by the relief valve control algorithm for full functionality is the forecast of the relief
valve aperture that will provide the airflow velocity
, to the turbine, without breaching the turbine’s angular
velocity dependent threshold for stall, as described in forecast step 2, from the forecasted value of
from
forecast step 1. Fortunately there is approximately two weeks’ of operational data where the relief valve position
was recorded, and although this was insufficient to be included in the ANN forecast of
, it was su cient to
construct the matrix for forecas ng the peak air ow velocity from the peak and the relief valve posi on, because
the trends are so clear. This is shown in Figure 4-8.

Figure 4-8 -Matrix 3 for forecasting the relief valve position that will provide the maximum air velocity of exhale cycle (determined in matrix 2) from the
maximum vertical water surface velocity of wave cycle in the chamber (forecasted by matrix 1). A local linear regression smoothing with a span of 25% is
applied to smooth and identify the main data trends.
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Control algorithm
A simple description of the algorithm’s architecture is shown in Figure 4-9. The algorithm will act immediately as
(the last variable to be known in time) is measured. This is entered into a data vector containing the other 7
operational parameters that have been identified to be significant in determining
. The data vector is used to
quarry one of the pre-trained ANNs, depending on its relative magnitude with respect to the local means and
standard deviation as described in Table 1Table 3, to forecast the vertical water surface velocity in the chamber
.
The algorithm will have information on the current turbine angular velocity and will use a look-up table to find the
air-velocity threshold for stall
, as described in step 2. The forecasted values of
and
will then be entered
into a final look-up table to forecast the relief valve position that will result in the target value of
, from the peak
of the incident wave cycle. The algorithm will then actuate the relief valve and attempt to achieve this forecasted
position. This will repeat when the next zero up crossing occurs at the near-shore sensor.

Figure 4-9 - Flow chart showing the relief valve control algorithm process chain
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4.3 DISCUSSION
The forecast chain relating near-shore hydrodynamics to optimum relief valve position was formed of three separate
steps. This was necessary because the data from all the required parameters were not available simultaneously, due
to the addition of different sensors at different times. If they were available simultaneously an ANN to forecast the
whole chain in one step, might have been possible. This might reveal some other interdependencies between the
forecast steps and will be assessed when data becomes available in the future.
Comparing our results to the literature suggest that the limitations in the accuracy of the ANN’s forecast are likely to
be the result of reflected waves interfering with incident wave data at the near-shore sensor. In addition the lack of
data on the relief valve position (and its omission from the training of the ANN) will result in the ANN being, in part,
“blind” to the effects of damping from the compression of air, and which may also limit the accuracy of the ANN.
Deploying a sensor system that can extract the incident wave from the reflected wave, and by including the
forecasted chamber pressures will likely improve the forecast accuracy of
.
The forecast and control system developed here accounts for and is restricted by the limitations associated with the
slow aperture adjustment rate of the actual relief valve installed at the Pico OWC. It is unlikely to achieve the
enhancement to power production that might be achievable with a fast acting relief valve that can track the full
pressure evolution of the complete wave cycle. This is because some pneumatic power from all but the peak portion
of the cycle will be lost to the atmosphere. However, any significant success achieved with this system will strongly
justify the investment required to install a faster acting relief valve.

4.4 CONCLUSIONS
We disseminate for first time an existing system for real-time relief valve control that has been used successful in
real-time operation at the Pico OWC. However, the main feature of this research is the subsequent advancement of
this relief-valve control system. This was achieved by considering many additional variables that theoretically
influence the transfer of incident wave hydrodynamics to the eventual mechanical response. Forecast models were
made directly from data and, in one case, with the assistance of artificial neural networks, to more accurately
forecast the optimum relief valve position for the incident waves.
The greatest accuracy in the forecasted chamber hydrodynamics was achieved when the ANN was provided with as
many relevant operational, environmental, incident and preceding wave parameters as possible. Some reduction in
accuracy in the forecast occurs when just the incident wave parameters and the preceding wave parameters at the
near-shore sensor are provided to the ANN. This reduction in accuracy might be justifiable in practical operation
because of the reduction in the potential for error.
Clear trends were seen in the data that agree somewhat with theory and the literature. In most instances departure
of our results from theory can be explained by interference from reflected waves at the near-shore sensor. However,
three points need further attention, these are: the absence of data on the relief valve position which could
significantly affect the forecast due to the radiation damped effect from air compression in the chamber, the
interference of measurements by the near-shore sensor due to wave reflections, the non-definitive, vibration
gradient method, used for stall detection.
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5 CASE STUDY #2 REAL TIME WAVE PREDICTION FOR WEC
CONTROL SYSTEM OPTIMIZATION USING A DYNAMIC
NEURAL NETWORK
From (Fernandez H. , Vousdoukas, Schimmels, & Allajbej, 2013), presented in EWTEC, research funded by Marinet.

5.1 INTRODUCTION
Wave propagation is a very non-linear process influenced by many phenomena, i.e. wave-bottom interaction,
wavewave interaction, wind forcing, whitecapping, etc, hence modelling wave propagation remains a challenge for
the research community. For instance, the short term wave propagation and therefore real time wave estimation
could be conducted by means of the well known third generation numerical models, SWAN(Booij, Ris, & Holthuijsen,
1999), Wavewatch, etc, but these models just give a representative sea state based on statistical data and they are
time consuming, thereby they are not suitable to perform real time wave prediction.
In addition, stochastic solutions of wave elevation time series were proposed in the past to conduct real time wave
estimation (Schoen, Hals, & Moan, 2011), (Korde, Schoen, & Lin, 2001). Such an approach implies that the future
value of the wave elevation time series is derived from a combination of its past values (Schoen, Hals, & Moan,
2011),(Korde, Schoen, & Lin, 2001). Moreover, autoregressive models were demonstrated to provide accurate realtime wave forecasting, for more than 1 wave periods ahead (Fusco & Ringwood, Short-term wave forecasting with
AR models in real-time optimal control of wave energy converters, 2010). Currently the effort is to develop
deterministic models to perform real time wave prediction from distant measurements (Budal, et al., 1982). Most of
the models under development are based on linear theory making them robust and computationally efficient, which
is very important for short term wave prediction (Voronovich, B, & B, 2005).
Artificial Neural Networks (ANN) are commonly used in the field of coastal and ocean engineering. Their capability
was demonstrated in the past in several applications; e.g. for estimating long waves in harbors (López & Iglesias,
2013), nearshore sandbar behavior (Pape, Ruessink, Wiering, & I.L, 2006), beach shape evolution (Iglesias, López,
Carballo, & Castro, 2009), wave run-up and overtopping at coastal breakwaters (Verhaeghe, De Rouck, & van der
Meer, 2008), performance analysis of oil booms under waves and currents (Iglesias, Castro, & Fraguela, 2010). Given
that ANN models require low computational costs, dynamic neural networks are utilized in this work to conduct real
time wave prediction.

5.2 THE NARX NETWORKS
Given the wave conditions in one point, the wave field can be forecasted in a close location (around 10 means of
using Artificial Intelligence. Applying the proper training (in terms of error reduction by adjusting the weights
between the network connections), the autoregressive model with exogeneous recurrent neural networks are a very
suitable tool to predict the wave field from one location to another (Pape, Ruessink, Wiering, & I.L, 2006) general to
predict time series data sets. Due to the architecture of these networks they are very capable to represent the non
linear dynamics of processes like random wave field evolution.
The Auto-Regressive model with eXogenous input is a model in which the output is fed back into the model together
with the external forcing. If the transfer functions of the output nodes are non-linear (which is the case for the
present work) the model becomes a NARX model, Figure 5-1.
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Figure 5-1 - NARX network layout with two input nodes and 3 hidden layers (H)

An ANN, works very similar to the human brain, particularly the biological neurons, i.e. an input and output crossing
a hidden layer. The ANN employed in this work is a data-oriented network, which is based on the learning between
input and output patterns. The layer organization of the ANN is distributed as follows, the input layer is formed by
nodes equal to the number of inputs; while the intermediate layer (hidden layer) and the output layer consist of the
number of nodes equal to the number of outputs. The output nodes are generated by means of a “sigmoid shape”
non-linear function.
Eq. 5-1

Where is the sum of the inputs multiplied by the weight matrix This learning process is based on a training
algorithm, which can be done by means of different approaches (standard backpropagation, Quickprop, Rprop,
SuperSAB, Quasi-Newton, Lavenberg-Marquardt, etc); while in the present study the approach of standard
backpropagation with rprop is employed (Mandal & Prabaharan, Ocean wave forecasting using recurrent neural
networks, 2006).
The aim of the training process is to reduce the squared errors between the actual data (recorded from experimental
tests) and the neural network output (forecasted data). Once the training or learning process is finished, the network
is fed with the actual input and the output is computed. The error is calculated by comparing the target value with
the network output as,

Eq. 5-2

where
Eq. 5-3
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and p denotes the amount of training patterns, is the target or recorded data during the experiments and
is
the output produced by the network. The mean square error obtained at the output layer is back-propagated across
the hidden layer to reach the desired output. The gradient descend method is employed to calculate the weight of
the network in an iterative manner and to adjust the weight of the interconnections between nodes, in order to
decrease the output error. The interconnection weights are adjusted using an error convergence process called
update algorithm (as previously mentioned rprop algorithm is used in this work). The values from the hidden layer
and the output layer are propagated to the input layer and used as the next input (Figure 5-1). temporary encoding
of information gives to the network a kind of short-term memory like in the human brain.
As commented in (Lin, Horne, & Giles, 1998), NARX networks are an important kind of discrete time non-linear
systems
Eq. 5-4

where u(t) and y(t) represent the input and output of the network at time t, Du and Dy are the input and output
memory and f is the non-linear “sigmoid shape” function. If the function f is approximated by means of a Multilayer
Perceptron (MLP), the resulting system is a NARX recurrent neural network. The NARX network consists of a
Multilayer Perceptron, which takes the inputs from the external forcing (input) and output values and computes the
outputs as:

Eq. 5-5

Eq. 5-6

The MLP is formed by a couple of nodes distributed in two layers. The first layer (hidden layer) is composed of H
nodes and this leads to the function,

Eq. 5-7

where σ represents the non-linear “sigmoid shape” transfer function and
The output layer is a single linear node defined by,

,

and

are fixed real valued weights.

Eq. 5-8
where

and

are weight values.

A. Data Sets
Before performing the wave prediction, it is essential to train the network through a learning process using
measured data. In this work the datasets were gathered from physical experiments carried out in the Large Wave
Flume (Großer Wellenkanal, GWK) of Forschungszentrum Küste (FZK), Hannover, Germany, with the following
dimensions: 300 m length, 7 m height and 5 m width. Waves are generated by a piston type wavemaker equipped
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with an active wave absorption control system. Resistance type wave gauges are used to record the free surface
elevation at certain points along the flume. In total, eighteen different irregular wave tests were performed, based
on a JONSWAP spectrum with a peakedness factor of γ = 3.3. Figure 5-2 presents the parameters of each sea state.
The duration of each sea state was 1800 s. Figure 5-3 shows the experimental set up used during the tests.

Figure 5-2 - Significant Wave Height and Peak Period for each sea state

Figure 5-3 - Experimental layout of the physical tests, the lighting strike lines represent a break in the flume longitudinal section.

By means of the recorded free surface elevation time series at different points, the network was trained, validated
and tested. The input for the network was always obtained from the wave probe at 140 m distance from the wave
board (WG5) and the target wave profile was extracted from sensors disposed at different positions (depending on
the mean wave period) ensuring that the forecasting horizon was t = 10 s. As a result, WG13 was selected for the
tests with Tp = 10 s, WG12 for Tp = 8 s and 6 s, WG10 for Tp = 4 s and WG7 for Tp = 2.5 s. Regarding the data
distribution, 80 % of the available data was used for training the network, another 10 % for validation (to validate
that the network is generalizing and to stop training before overfitting) and the remaining 10 % for testing, i.e.
comparing the output of the network with the actual data.
A. Selection of the Network Architecture
As there are no practical rules to determine the optimal network size (number of hidden layers), before using the
NARX recurrent neural network for real time wave estimation, it is necessary to select the optimum network
architecture, i.e. the one producing the best performance. For this purpose network architectures with number of
hidden layers and 7 were trained and tested for each sea state performance of the current network architectures
satisfactory it was decided not to study a larger number of configurations. The selected architecture for each test
was the network configuration giving the minimum error when testing the network with the actual data.
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Figure 5-4 – Values of the errors committed by the network for the tests: N - Number of Hidden Layers; MSEt - Error in training; MSEv – Error in Validation;
MSRs – Error in testing; R – Correlation Coefficiency

For all the tests the correlation coefficient was between 0.9497 and 0.9965, implying good ANN performance (see
Figure 5-4). The correlation coefficients were shown to be smaller for lower wave periods, implying that the network
has difficulties to model high frequency oscillations in the free surface elevation. It is also important to note that the
optimum number of hidden layers varied among the tests, with the optimal number of hidden layers varying
between 3 and 7 for all the considered tests (Figure 5-4). The best result (i.e. the result with the lowest error in the
testing phase) was achieved in Test 3, Hs = 0.3 m and Tp = 10 s, for which the mean square error was MSE = 3.25E-05
and the corresponding number of layers was 6.
Figure 5-5 shows the mean square error (for training, validation and testing) for the different configurations of
network corresponding to Test 3. It is obvious that the bigger the number of hidden layers the smaller the error
committed by the network (except for architecture h7). On the other hand it can be seen that for all network
configurations the lowest error occurs when testing the network (green bars), while this trend is not clear for
network training and validation (blue and red bars). For some architectures, the training error was higher than the
validation error - cases h1, h2 and h4; while the opposite is valid for h3, h5, h6 and h7. Furthermore, the results
indicate that the errors during the training and testing are correlated, whereas no correlation was discerned
between the validation and testing errors.
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Figure 5-5 - Training, validation and testing errors for the different neural network architectures (test 3)

Figure 5-6 -Training, validation and testing errors for the different neural network architectures (test 15)

The training, validation and testing errors for the architectures tested with the datasets from Test 15 (Hs = 0.19 m
and Tp = 2.50 s) are presented in Fig. 4. For this case the error produced in the validation is higher with respect to
the training for all the architectures tested and the testing error also happens to be the lowest as in the previous
test. However, unlike in Test 3, the errors do not show large variations with respect to the network architecture
employed.
B. Network Response.
Once the optimum network architecture was found, the network can be employed to perform real time wave
estimation. In this section the results with the tests which produced the best performance are presented. The
predicted wave profile and the measured wave elevation for Test 3 are presented in Figure 5-7. It is obvious that the
overall agreement between the network output (red line) and the target or actual wave profile (blue line) is very
good. Nevertheless it can also be observed that there are some issues in the wave crest as well as in the troughs (this
can be noticed between 690 and 700 s). The highest difference in this interval is in the wave trough at 696 s, where
the forecasted and the real data differ by about 1.5 cm. The correlation coefficient between the network output and
the target signal is R = 0.9957, which means that for this test the performance of the network with this particular
architecture (six number of hidden layers) was very satisfactory.
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Figure 5-7 Network output (black solid line) versus actual time series (black dotted line) for Test 3. Only 60 s are shown for clarity in the time series.

Figure 5-8 - Regression plot for Test 3, network output versus measured data.

The overall performance of the network can be also confirmed with the regression plot in Fig. 6. As previously
mentioned, the correlation coefficient between the output and the measured data (R = 0.9957) can be considered to
be very good. However, some deviations with respect to the perfect fit are found at the highest (between 0.3 and
0.4 m), and smallest values (between -0.3 and -0.2 m), corresponding to the highest wave crests and lowest wave
troughs, respectively. This confirms that the general behaviour of the network response is quite good but in some
cases the ANN underestimates the highest wave amplitudes measured.
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Figure 5-9 - Network output (red line) versus actual time series (blue line) for Test 15. Only 70 s are shown for clarity in the time series.

Figure 5-10 - Regression plot for Test 15, network output versus measured data.

In addition, Figure 5-9 presents the performance of the network in terms of the time series response for Test 15 (Hs
= 0.188 m and Tp = 4 s), also in this case one can notice that the agreement between the predicted and the target
wave elevation is quite good. However, like in the other case before the ANN underestimates the highest wave
amplitudes in the time series, see Figure 5-9 at about 740 s and 780 s, respectively. This is also confirmed by the
regression plot in Figure 5-10, where it can be observed that most of the values present good agreement (between 0.1 m and 0.1 m) and notable deviations can only be noticed at the extremes of the graph (at 0.16 m and -0.15 m).

5.3 CONCLUSIONS AND FUTURE LINES OF RESEARCH
WEC performance optimization can be achieved when the PTO and/or active components (active moorings for some
point absorbers) are adjusted on the grounds of measured wave conditions in the vicinity of the device. For this
purpose, accurate and efficient mechanisms to perform real time wave predictions have to be developed. In the
present manuscript artificial intelligence is used to conduct real-time wave prediction, particularly NARX neural
networks are utilized.
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The datasets for the network training, validation and testing were obtained from physical experiments carried out in
the Large Wave Flume (Grosser Wellenkanal, GWK) in Germany. Prior conducting the real time wave estimation, the
optimal. network architecture was selected for the different sea states and it was found that the optimal number of
hidden layers depends on the sea state. Furthermore it was discovered that the overall performance of the network
in terms of the correlation coefficient was also related to the sea state, i.e. the smaller the peak period of the
considered sea state the smaller the correlation coefficient between the predicted and the actual wave profile. This
shows the difficulty to model high frequency oscillations by the network. In general, the error of the network could
be established to be quite low for all the performed tests (the MSEts is between 10-4 and 10-5).
Once the proper network architecture was determined, the network was employed to carry out real time wave
predictions (10 seconds ahead the measurement location) and the results were very promising. Very good
agreement was found out between the forecasted and the recorded time series. For the best case (Test 3) the
correlation coefficient between signals was R = 0.9957, just little deviations were found in the highest wave crests
and lowest wave troughs, i.e. the ANN underestimates the highest wave amplitudes respect to the actual time
series.
The presented results demonstrate that dynamic neural networks are a very suitable tool to conduct real time wave
estimation when the forecasting horizon is between 1 and 4 times the peak period of the considered sea state.
Although this work requires more experience and a generalization (dealing with a wider set of scenarios) the results
presented here are encouraging. Hence, it seems to be appealing to incorporate this tool to the WEC control system
to perform the real time wave estimation and therefore increase the power output of the WEC system by means of
optimizing the PTO settings.
As future lines of research, this method will be extended to perform real time wave prediction in presence of
complex bathymetry and also the network will be trained, validated and tested by means of 3D data recorded in the
field or in a 3D wave basin.
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Up-wave and autoregressive methods for short-term
wave forecasting for an oscillating water column
Francesco Paparella, Kieran Monk, Victor Winands
Miguel Lopes, Daniel Conley and John V. Ringwood

Abstract—The real-time control of wave energy converters
requires the prediction of the wave elevation at the location of
the device in order to maximize the power extracted from the
waves. One possibility is to predict the future wave elevation by
combining its past history with the spatial information coming
from a sensor which measures the free surface elevation upwave of the wave energy converter. As an application example,
the paper focuses on the prediction of the wave elevation inside
the chamber of the oscillating water column (OWC) for the
PICO OWC plant in the Azores, and two different sensors for
the measurement of the free surface elevation up-wave of the
oscillating water column were tested. The study showed that
the use of the additional information coming from the up-wave
sensor does not significantly improve the linear prediction of the
chamber wave elevation given by a forecasting model based only
on the past values of the chamber wave elevation.

incoming waves

incoming waves

observed
wave
predicted
wave

WEC

(a)

observed
wave
predicted
wave

WEC

(b)

Fig. 1. Wave prediction based on one-single point of measurements (a) and
wave prediction based on spatial reconstruction from array of sensors (b)

Index Terms—Time series, wave energy, wave forecasting.

I. I NTRODUCTION

W

Ave energy converters (WECs) are usually designed
to efficiently extract energy from the sea for a limited
range of frequencies, usually located around the resonance of
the device. In order to realize an efficient energy extraction
for a broader range of frequencies, a control system can be
designed [1], [2]. Real-time optimal control can be derived
from a controller designed in the frequency domain, but it involves noncausal transfer functions which can be implemented
only if the future motion of the device or the incident wave
elevation are known [1]- [2]. Usually, prediction of the wave
elevation is based on a spatial reconstruction of the wave field
starting from a set of sensors located in the proximity of the
WEC, as shown in Figure 1b [3]. Another possible solution is
to predict the wave elevation based only on its past history, as
shown in Figure 1a. The prediction of wave elevation based
on past values requires less instrumentation respect to the
spatial approach, since only one measure is needed at the
sea location of the WEC. Regarding the spatial approach for
wave prediction, in [4] digital filters were deployed for the
real time prediction of waves incident upon a wave energy
device. In [5] the remote wave profile is measured by means
Francesco Paparella and John Ringwood are with the Center for Ocean Energy Research (COER), National University of Ireland Maynooth, Co. Kildare,
Ireland (e-mail: fpaparella@eeng.nuim.ie, john.ringwood@eeng.nuim.ie)
Kieran Monk and Daniel Conley are with the School of Marine Science
and Engineering, University of Plymouth, Plymouth, PL48AA, UK (email:
Kieran.Monk@plymouth.ac.uk, daniel.conley@plymouth.ac.uk)
Kieran Monk and Miguel Lopes are with the WAVEC Offshore Renewables,
Lisbon, 1400-119, Portugal (email: kieran@wavec.org, mlopes@wavec.org)
Victor Winands is with Duespan Wave Engineering (email: Duespan@googlemail.com)

of a nautical radar, and is propagated in time and space in
order to predict the wave field and estimate the motion of a
vessel. In [6], a shallow angle LIDAR was adopted in order
to measure the time evolution of spatial profiles of sea waves
over an extended region of several hundred meters. In [7] the
hydrodynamics of the chamber of an oscillating water column
(OWC) is predicted by means of a neural network based on
the measurements of the incident wave elevation.
Regarding the time series approach for wave prediction, in
[3] autoregressive (AR) models are proposed and validated
against real observations. In [8] adaptive filters based on
autoregressive models for wave prediction are deployed. In
[9] a robust control for wave energy devices based on the
prediction of the wave elevation is implemented. For the wave
prediction, a hybrid Kautz/AR predictive model as well as a
purely predictive Kautz model are proposed. In [10] neural
networks for the estimation of the wave excitation force were
trained and results compared to other methods.
This paper proposes an AutoRegressive eXogenous input
(ARX) model, which extends the AR model with the inclusion
of the additional information coming from the measurement
of the free surface elevation up-wave of the WEC. The upwave elevation is considered to be an exogenous input of the
model. The ARX models proposed are validated against real
observations coming from the Pico WEC plant located on the
Portuguese island of Pico in the Azores archipelago [7]. In
particular, two type of sensors for the up-wave elevation have
been tested. The real data available are discussed in section 2,
while the forecasting models proposed are outlined in section
3. Finally the results are discussed in section 4.
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ηw =

phyd
ρg

(1)

where phyd represents the dynamic water pressure at 60 m
in front of the OWC, ρ is the density of the sea water and g
is the gravitational acceleration. The data available from the
Aquadopp sensor consist of 25 hours of records, while the
data provided by the pneumatic sensor consist of 10 hours
of records. The sampling frequency for both the deployment
periods is equal to 2 Hz.
The spectra of the chamber wave elevation measured during
the first and second deployment period are reported in Figures 2a and 2b respectively, while the corresponding spectra
of the up-wave elevation measured with the Aquadopp and
pneumatic sensor are reported respectively in Figures 2c and
2d. The spectra of the chamber wave elevation shows a resonance around 0.62 rad/sec for both deployment periods, which
corresponds to a dominant wave period of approximately 10
seconds. However, the spectra of the free surface elevation
up-wave of the WEC shows that, in addition to the dominant
wave frequency, other components exist at higher frequency.
Because the incident waves are reflected by the wall of the
OWC, frequency components of shorter period can be present
in the spectra of up-wave elevation [7].
Since the low frequency components carry most of the wave
energy, it is a reasonable assumption to predict only the low
frequency components of the chamber wave elevation [3]. In
fact, the high frequencies are representative of low energy
sea states, which are not relevant for wave energy conversion. Also, neglecting the sea spectra components at high
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II. AVAILABLE DATA
This paper proposes a strategy for forecasting the wave
elevation inside the chamber of the PICO OWC by a combination of its past values and the measurement of the free
surface elevation up-wave of the WEC. A sonar sensor for
recording the chamber wave elevation is mounted on the
roof of the chamber, while two different sensors for the
measurement of the free surface elevation around 60 m in front
of the Pico OWC chamber wall are deployed [7]. During the
first deployment period, the “Aquadopp” hydrostatic pressure
sensor and ADCM (Acoustic Doppler Current Meter) unit was
utilized to measure the hydrodynamics of the free surface
elevation up-wave of the WEC. Since the data cable providing
the online data from the sensor was damaged by the sea, the
sensor was redeployed from time to time in order to acquire the
data stored in the internal memory of the device. Obviously, for
the wave elevation forecasting inside the chamber, an online
measurement of the free surface up-wave elevation is needed.
Given the high cost for the data cable, an alternative sensor
was developed and used at the same location as the Aquadopp
during the second deployment period. This alternative sensor,
in the following referred with the name “pneumatic sensor”,
consists of a small steel box fixed on the sea floor with an
open bottom. The variation of the pressure of the entrapped air
inside the box, due the change of the water column above, is
measured by a pressure transducer. From the pressure variation
of the air inside the box, the water surface elevation can be
obtained [7] as:
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Fig. 2. Chamber wave elevation spectra for first (a) and second (b) deployment
period and up-wave elevation spectra from Aquadopp sensor (c) and from
pneumatic sensor (d)

frequency, yields to a more regular and more predictable wave
elevation, and accurate predictions can be also obtained for
long forecasting horizons. Therefore the data are filtered with
an ideal zero-phase low-pass filter with cut-off frequency ωc .
The filter is approximated with offline forward and backward
filtering through Chebyshev filters of Type I, discretized with
the bilinear transform. The cut-off frequency was selected in
order to preserve the dominant wave period of the sea state.
If the free surface elevation up-wave of the WEC propagates only in the direction towards the chamber, with a
time delay termed the propagation time, the incident wave
elevation causes the change of the chamber wave elevation.
The propagation time can be inferred from considerations of
wave propagation in a finite water depth. Assuming that there
are no attenuation effects on the travelling wave, the wave
elevation η propagates in the direction x, defined positive from
the location of the up-wave sensor to the chamber, accordingly
to the following expression [11]:
η(t, x) = A cos(ωt − k(ω)x) = Re(Aej(ωt−k(ω)x) )

(2)

where k(ω) is the wave number, which is a function of the
frequency ω and water depth h. The wave propagates with a
phase velocity given by [2]:
vp =

ω
k(ω)

(3)

In finite water√depth h, the waves can reach a maximum
velocity vmax = gh, where g is the gravitation acceleration.
Since the up-wave sensor is placed at a location with a water
depth h = 8 m, a velocity vmax = 8.85 m/s is obtained. If it
is assumed that all the waves travel at the same phase velocity
equal to the maximum velocity, then the free surface elevation
up-wave of the WEC reaches the chamber without any phase
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distortion. If d denotes the spatial distance between the point
of measurement of the free surface elevation up-wave of the
WEC and the point of measurement of the chamber elevation,
the propagation time tprop of the wave is as follows [11]:
tprop =

d

(4)
vmax
Since the point of measurement of the up-wave elevation
is placed at a distance d = 60 m from the chamber, using
equation 4, a propagation time around 7 seconds is obtained. If
there are no non-linearities or attenuation effects on the wave
propagation, the use of the up-wave elevation measurement
provides advance knowledge of the future wave elevation
inside the chamber for a forecasting horizon equal to the
propagation time. In reality, the presence of eventual nonlinearities on the wave propagation and multidirectionality of
the waves, distort the effect of the incoming wave on the
chamber wave elevation. As a result, the measurement from
the up-wave sensor gives a partial information about the future
wave elevation inside the chamber. As shown in equation 4, the
distance of the up-wave sensor from the chamber determines
the maximum forecasting horizon. The measurements of the
up-wave elevation given by a sensor located at a long distance
from the chamber provides less accurate information about the
future chamber wave elevation, due to the increasing effect of
non-linearities and multidirectional waves. Also, in order to
acquire the measurements from the sensor, greater costs for
the data cable are involved.

A. Up-Wave Only Models
In this section, a model for forecasting the chamber wave
elevation based only on the measurement of the free surface
elevation up-wave of the WEC is presented. In particular,
a Finite Impulse Response (FIR) model is designed which
assumes that the chamber wave elevation at time instant k
is a linear combination of nb past values of the free surface
elevation up-wave of the WEC. The up-wave measurement is
considered to be the input of the model and is denoted as u.
The model considered is of the following form:
ηch (k) =

i=1

η̂ch (k + l|k) =

i=1

bi u(k + l − i + 1)

(6)

In equation (6), the time series of the up-wave elevation
is known up to a certain prediction horizon, equal to the
propagation time of the wave from the location of the sensor.
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As shown in Figures 3a and 3b, the data for each deployment period was divided into training and validation sets. The
coefficients bi of the FIR model, at an instant k, are estimated
using a batch of training data Ti,j of dimension N1 consisting
of past observations of the water level in the chamber and
measurements of the free surface elevation up-wave of the
WEC. The cost function considered for the estimation of
the model parameters is the variance of the one-step ahead
prediction error, given as follows:
JLS =

bi u(k − i + 1 − nk ) + ξ(k)

nb
X

Fig. 3. Time series data segmentation for the first (a) and second (b)
deployment period

III. F ORECASTING M ODELS

nb
X

approximates the free surface elevation based on a pressure
signal, the FIR filter also models the dynamic relationship
between the pressure and the free surface elevation. Given a set
of parameters bi , from equation (5) the l-step ahead prediction
is given as follows:

(5)

where ξ is a disturbance term which represents the uncertainty regarding the knowledge of the system. The term nk
is the delay (in number of sample periods) that occurs before
the output is affected by the input. If the data coming from
the up-wave sensor are delayed by the propagation time then,
at time instant k, the water level in the chamber is influenced
by the up-wave elevation at the same time instant. Therefore,
the delay nk is considered to be zero. The use of the FIR
filter takes into account the unmodeled dynamics between
the up-wave elevation and the chamber wave elevation which
was not considered in the calculation of the propagation time
alone. Also, the FIR filter models the dynamics of the sensor
utilized for the measurement of the free surface elevation upwave of the WEC. In fact, since the up-wave sensor deployed

N1
X

(ηch (k + 1) − η̂ch (k + 1|k))2

(7)

k=1

which can be solved by means of a Least Squares (LS)
method. For the estimation of the model parameters, a different
cost function referred as Long Range Predictive Identification
(LPRI) [12] was considered, with initial value of the parameters given by the minimization of (7). Since the minimization
of the LPRI cost function for different forecasting horizons
did not yield a significantly different value of the parameters
compared to their initial estimates, the LPRI cost function was
not further considered.
An important element of the identification of the FIR model
with cost function (7) is the choice of the order nb . The
objective is to identify a model that guarantees an accurate
fitting of the training data without incurring so called “overfitting”, or rather the identification of a over-parametrized
model which also interpolates the stochastic noise presents
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Fig. 4. Normalized prediction error variance for a forecasting horizon of 7
seconds as a function of the order nb averaged across validation data sets for
the first and second deployment periods
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(8)

2
l,max

σl2 =

where η̂ch (k + l − i|k) ≡ ηch (k + l − i) if k + l − i ≤ k,
since the information is already available and there is no need
to have a prediction [3]. The coefficients αi of the AR model
are estimated using the cost function given by equation (7),
and the identified models can be validated according to the
variance of the prediction error over a forecasting horizon l,
given by equation (8). AR models of different orders na were
trained and validated by means of the measurements of the
wave elevation inside the chamber for both the deployment
periods. In Figure 5, the variance σl2 for a forecasting horizon
equal to 30 seconds, normalized by its maximum value and
averaged across the validation sets, is plotted against different
order na for both the deployment periods. An order na equal
to 30 is chosen since it represents a minimum point for both
the two curves.

PERIOD 1

in the measurements. Given a previously unseen batch of
validation data Vi,j of dimension N2 consisting of observations
of the chamber and up-wave elevations, the accuracy of the
identified model can be validated by means of the variance of
the prediction error σl2 for a forecasting horizon l computed
as follows:

σ2l /σ2l,max PERIOD 1
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In order to select the best order nb that avoids over-fitting
the data, FIR filters of different orders nb were trained and validated by means of the data coming from the two deployment
periods. In Figure 4, the variance σl2 for a forecasting horizon
equal to the propagation time of 7 seconds is computed for FIR
filters of different order nb . The variance is averaged across the
validation data sets coming from both the deployment periods,
normalized by the appropriate maximum value. An order nb
equal to 10 is chosen as point of trade-off between the minima
of the two curves.
B. Autoregressive Models
In this section, a model for forecasting the chamber wave
elevation, based on its past history, is presented. In particular,
an AutoRegressive (AR) model is proposed which assumes
that the chamber wave elevation at time instant k is linearly
dependent on a number na of its past values. Thus the model
considered is of the following form:
ηch (k) =

na
X
i=1

αi ηch (k − i) + ξ(k)

(9)

Given a set of parameters αi , from equation (9) the l-step
ahead prediction is given as follows:
η̂ch (k + l|k) =

na
X
i=1

αi η̂ch (k + l − i|k)

(10)

Fig. 5. Normalized prediction error variance for a forecasting horizon of 30
seconds as a function of the order na averaged across validation data sets for
the first and second deployment periods

C. Combination Up-Wave/Autoregressive Models
In this section, a model for forecasting the chamber wave
elevation based on a combination of its past history and measurements of the free surface elevation up-wave of the WEC is
presented. In particular, an AutoRegressive eXogenous input
(ARX) model is proposed which assumes that the chamber
wave elevation at time instant k is linearly dependent on a
number na of its past values and on nb values of the up-wave
measure. Thus, the model considered is of the following form:

ηch (k) =

na
X
i=1

ai ηch (k − i) +

nb
X
i=1

bi u(k − i + 1) + ξ(k) (11)

Given a set of parameters ai and bi , from equation (11), the
l-step ahead prediction is given as follows:

η̂ch (k + l|k) =

na
X
i=1

ai η̂ch (k + l − i|k) +

nb
X
i=1

bi u(k + l − i + 1)

(12)
In equation (12), no prediction of the input is made until a
prediction horizon, equal to the propagation time of the wave
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2
l,max
2
l

σ /σ

where tsamp is the sampling time of the chamber and upwave elevation. Therefore, the prediction of η̂ch can be made
with an ARX model only until lmax steps, after which an AR
only model is used to predict the water level in the chamber.
Thus, the complete prediction of the wave elevation using an
ARX model is given as follows:

PERIOD 1

(13)

Period 1
Period 2

l,max

d/vp
tprop
=
tsamp
tsamp

ARX model, forecasting horizon = 30 secs

l

lmax =

1

PERIOD 2

from the location of the sensor is reached. The limit of the
prediction horizon, in time steps, is denoted as lmax , which is
given as follows:
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X
na


ai η̂ch (k + l − i|k) + ..




i=1



nb

X
bi u(k + l − i + 1) if l ≤ lmax
η̂ch (k+l|k) =


i=1



na

X



αi η̂ch (k + l − i|k)
else

i=1

(14)
The coefficients ai , bi of the ARX model and αi of the
AR model are estimated individually using the cost function
given by equation (7), and the identified models were validated
according to the variance of the prediction error, over a
forecasting horizon l, given by equation (8).
Given an order na = 30 for the AR model obtained in
the previous section, ARX models of different orders nb were
trained and validated for both the deployment periods. The
optimal order nb selected for the FIR model can not be
used directly for the ARX model, since that, in equation
11, the chamber wave elevation is not exclusively determined
by the up-wave measurement, but it is also determined by
its past values. In Figure 6, the normalized variance of the
prediction error, averaged across the validation data sets, is
plotted against different orders nb for both the deployment
periods. By inspection of Figure 6, an order nb = 15 is
selected as a trade-off point between the minima of the two
curves. The order nb , chosen for the ARX model, is different
from the order nb of the FIR model, since the ARX models
were trained and validated for a fixed choice of na = 30.

0.6
0

10

20

30
nb

40

50

60

Fig. 6. Normalized prediction error variance for a forecasting horizon of
30 seconds as a function of the order nb with na = 30 averaged across
validation data sets for the first and second deployment periods

wave of WEC. The structure of the NN is of the following
form:
ηch (k) = NN(ηch (k−1), .., ηch (k−na ), u(k), .., u(k−nb +1))
(15)
with regression orders na and nb equal to the orders selected
for the linear ARX model, i.e. na = 30 and nb = 15. The
same orders selected for the linear ARX model were also
adopted for the NN-ARX, in order to have a consistent comparison between the performance of the two models. The NN
was trained using the Levenberg-Marquardt backpropagation
algorithm [13] on a set of batch data, following which the
network was used to compute the l-step ahead prediction of
the chamber wave elevation.
IV. R ESULTS
In the following section, the forecasting of the water level in
the chamber given by the FIR and ARX models is compared
with the forecasting given by the AR model over a certain
range of prediction horizons. The index used for the prediction
accuracy for every forecasting horizon l is the Goodness Of
Fit (GOF) index, which is defined as follows:

D. Neural Networks
In this section, a Neural Network (NN) based on multiple
layers of perceptrons is presented in order to investigate
the possibility of a nonlinear relationship between the free
surface elevation up-wave of the WEC and the chamber wave
elevation. Different architectures for the NN were considered,
and the NN selected for the prediction of the chamber wave
elevation is made of three layers of perceptrons. The first
and second layers include three and five nonlinear neurons
respectively, while the output layer is made of one linear
neuron. A linear neuron was selected for the output layer, in
order not to limit the range of values assumed by the output
of the NN. The inputs of the NN are composed of past values
of the chamber wave elevation and free surface elevation up-

GOF (l) =

1−

pP

2
k (η(k + l) − η̂(k + l|k))
pP
2
k η(k)

!

· 100

(16)
In order to compare the performance between the AR model
and the FIR or ARX model, the Relative Goodness of Fit
(RGOF) is introduced:
RGOFF IR (l) = GOFF IR (l) − GOFAR (l)

RGOFARX (l) = GOFARX (l) − GOFAR (l)

(17)

The RGOF between an AR model of order na = 30
and a FIR model of order nb = 10, averaged across the
validation data sets, is plotted against the forecasting horizon
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Fig. 7. Relative Goodness of Fit (RGOF) between AR model (na = 30) and
FIR model (nb = 10) averaged across the validation data sets of the first and
second deployment periods
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Fig. 10. Goodness of Fit (GOF) of linear ARX model (na = 30,nb = 15)
and of NN-ARX model (na = 30,nb = 15) computed on validation data set
of the first deployment period
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and of NN-ARX model (na = 30,nb = 15) computed on validation data set
of the second deployment period
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Fig. 12. Comparison between measured chamber wave elevation and prediction ηch (k + 60|k) computed with ARX model of order na = 30 and
nb = 15 with data set of first deployment period, filtered with a cut-off
frequency of ωc = 0.7 rad/sec

for the first and second deployment period in Figure 7. As
shown by Figure 7, the AR model is able to provide more
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Fig. 13. Comparison between measured chamber wave elevation and prediction ηch (k + 60|k) computed with ARX model of order na = 30 and
nb = 15 with data set of second deployment period, filtered with a cut-off
frequency of ωc = 0.7 rad/sec

accurate predictions of the wave elevation in the chamber for
all forecasting horizons up to 7 seconds. In Figure 8, the RGOF
between an AR model of order na = 30 and a ARX model
of order na = 30 and nb = 15, averaged across the validation
data sets of the first deployment period, is plotted against the
prediction horizon for different values of the cut-off frequency
ωc . As the figure shows, the AR model performs better than
the ARX model for prediction horizons that range from 10
seconds up to 22 or 27 seconds, depending on ωc . The choice
of the cut-off frequency ωc depends on frequency components
of the chamber wave elevation that need to be predicted. Since
the resonance of the chamber is around 0.6 rad/sec, a cutoff frequency wc = 0.7 rad/sec is selected for filtering the
chamber and up-wave elevation. Note that the improvement in
the accuracy of the prediction of the chamber wave elevation
for long horizons obtained with the ARX model has to be
evaluated respect to the prediction requirements in the control
of the WEC. In fact, because of the noncausal transfer function
involved in the realization of the real-time optimal control of
the WEC, the future wave elevation may be needed until a
time horizon less than 30 seconds [14]. Regarding the second
deployment period, in Figure 9, the RGOF between an AR
model of order na = 30 and an ARX model of order na = 30
and nb = 15, averaged across the validation data sets, is
plotted against the prediction horizon for different values of
the cut-off frequency ωc . As the figure shows, the ARX model
provides less accurate predictions of the wave elevation inside
the chamber than the AR model for every prediction horizon.
In Figure 10, the GOF of the predictions of the chamber
wave elevation given by the linear ARX model and NN-ARX
model are compared for forecasting horizons up to a maximum
of 20 seconds. The two prediction model were trained and
validated on the same batch of training and validation data
from the first deployment period. Since the algorithm chosen
for training the NN is highly dependent on the choice of the
initial parameters for the network, different NN-ARX models
were trained with different initial conditions, with the NN
that returned the best GOF selected. In Figure 11, the same

comparison is done for the second deployment period. For both
the deployment periods, the linear ARX model outperforms
the NN-ARX model.
A comparison between predicted and actual chamber wave
elevations for a forecasting horizon of 30 seconds, for an ARX
model of order na = 30 and nb = 15, is made. The ARX
model utilizes the free surface elevation up-wave of the WEC
provided by the Aquadopp and pneumatic sensors, reported in
Figures 12 and 13 respectively. The prediction of the chamber
wave elevation is plotted together with confidence intervals,
which can be assumed to be a Gaussian process with zero
mean and variance σl2 given as follows [3]:
ê(k + l|k) = η(k + l) − η̂(k + l|k) ∼
= N (0, σl2 )

(18)

V. C ONCLUSIONS
The paper demonstrates that, for the case of the Pico OWC
installation, there is little advantage in making an up-wave
measurement, in terms of wave forecasting accuracy. This is
useful information, allowing potential reductions in capital
and maintenance costs. However, the generality of such a
conclusion is uncertain. The Pico wave climate is reasonably
stable, with a well-defined swell component. Furthermore, the
forecasting problem for an OWC is straightforward, where
the chamber water elevation is directly measurable, unlike the
case of floating devices, where the free-surface elevation at the
device location is impossible to measure, and the focus may
need to change to excitation force. It should also be borne
in mind that, for the current case study, the chamber was in
an unloaded condition (relief valve open); one might expect
some small change in the forecasting problem for a loaded
chamber. Finally, the paper examines the efficacy of using
nonlinear forecasting models, showing no benefit. While the
added complexity is a drawback in its own right, the fact that
artificial neural networks do not, by default, include the linear
case suggest a preference for linear models, at least in the first
instance.
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