
1 INTRODUCTION 

1.1 Energy context 

Modern societies are characterized by an intense use 
of energy in transport, industry and electricity pro-
duction. In most countries, the economic model of de-
velopment has been largely supported by non-re-
newable energy sources — particularly, fossil fuels 
— which present environmental problems, such as 
climate change, and economic constraints due to 
inherent scarcity. It will be the decade of the 70s to 
mark the change in the perspective of developed nati-
ons in relation to their dependence on fossil fuels. The 
years 1973-1974 and 1979-1980 mark periods in 
which international oil demand greatly exceeded su-
pply, a phenomenon known as oil shock, resulting in 
a rapid rise in prices of approximately 400% and 
100% over the previous year. Not surprisingly, a 
number of public support has emerged for the devel-
opment of technologies based on renewable energy 
sources, such as solar, wind and sea waves. 

2 WAVE ENERGY 

2.1 Introduction 

The oceans, whose area corresponds to approximately 
70% of the surface of the planet, are a potential source 
of renewable energy, namely by the potential and ki-
netic energy of their waves. According to the Interna-
tional Energy Agency (IEA), the global energy poten-
tial in the sea waves is estimated at 2 TW, predicted 
to reach a share of 10% in the global electricity supply 

[1].The interest in sea wave energy conversion tech-
nologies, not being a recent phenomenon, nowadays 
plays an important role in the diversification of the 
energy sources of developed nations. In this context, 
it is important to emphasize the valuable contribution 
of Yoshio Masuda (1925-2009) in the development of 
the theme since the 1940s, having developed an en-
ergy converter whose operation was based on the 
principle of oscillating water column (OWC) [2]. 

2.2 Inertial Sea Wave Energy Converter 

The ISWEC (inertial sea wave energy converter) has 
as its operating principle the interaction by gyro-
scopic effect between a float, moored to the seabed, 
and an electricity generator [3].  
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ABSTRACT: This work aims to provide ISWEC (inertial sea wave energy converter) — a device designed to 
extract power from sea waves using gyroscoping motion to generate electricity — the capability to continuously 
adjust its PD controller gains according to current sea wave condition, so its performance is maximized. The 
forecasting process is carried out by a set of machine learning methods, namely neural networks and a SVM 
(support vector machine) classifier. The distributed arrangement of ISWEC devices on “wave farms” is handled 
by a multi-agent platform, ensuring all devices receive due forecast data. It is considered this strategy, as oppo-
sed to relying on a exogenous forecast set on an hourly basis, will result in improved performance of ISWEC. 

Figure 1 - ISWEC device [5] 



The ISWEC converter (see Figure 1) is presented as 
an easy maintenance and operation equipment, hav-
ing an electromechanical system completely sealed in 
the body of the float, also having the ability to orient 
itself automatically according to the maritime wave. 
The equipment was officially launched in 2015. 
  
 
Equations (2.1) and (2.2) represent, respectively, the 
pitch movement of the floater and the components of 
torque induced in the float body [4].  
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𝑇 = 𝑇𝑊 − 𝑇𝛿 − 𝑇𝑚 (2.2) 
 

 
Further details about the ISWEC mechanical model 
may be found in [5]. 
 
 

3 MODEL SIMULATION 

3.1 Neural network modelling methodology 

The amplification of the generalization capacity of 
the network, from a single wave to an eight-wave uni-
verse, requires a deeper knowledge of the response of 
the dynamic model. As such, a signal composed of 
eight fractions of the distinct sea wave induced torque 
was constructed, with an average duration of 124 sec-
onds per fraction. In the agglutination of the individ-
ual waves, performed in ascending order of the wave 
index, the conditions of continuity of the function and 
of the first derivative were respected, seeking that the 
composite signal presented transitions as fluid as pos-
sible.  

 
The network training was performed in MATLAB us-
ing Z-score normalization and a division of data of 
70/15/15% corresponding to training, validation and 
testing sets. The network has a hidden layer with ten 
neurons, 17 delays at the input and one delay in the 
feedback (see Figure 2). 
 
Table 1 shows the VAF (variance accounted for) 
value obtained in the extrapolation of each wave type. 

Considering that VAF values close to 100% indicate 
an ideal approximation, it is evident that the perfor-
mance is overall quite satisfactory, obtaining an aver-
age VAF value of 90.65%. The table also indicates 
the VAF value corresponding to the last 80 seconds 
of the signal estimated by the network. This option 
aimed to assess the quality of the long-term approach, 
eliminating any transient phenomenon in the first sec-
onds of extrapolation. The results obtained in this last 
period suggest, by performance improvement, that 
the initial period may contain a transient effect that 
penalizes, albeit slightly, the VAF value 
 
 

Table 1 - Extrapolation performance 

Wave 
class 

VAF (%) 
pp. 

Period I Period II 

1 93.20 96.71 3.51 

2 92.67 97.33 4.66 

3 94.17 97.72 3.55 

4 93.53 98.87 5.34 

5 88.37 91.85 3.48 

6 89.53 97.68 8.15 

7 91.27 95.38 4.11 

8 82.48 90.94 8.46 

 
 

3.2 Classifier modelling methodology 

According to the proposed strategy, the controller 
should be able to adjust its gains to the current sea 
state. For this, it will be necessary to implement an 
algorithm that analyzes the induced torque in the 
ISWEC, extrapolated by the inverse dynamic model, 
and estimate with the lowest possible error what is the 
current wave class.  
 
Classification of data, according to a classic approach 
to supervised machine learning, requires the extrac-
tion of characteristics of great relevance that allow the 
distinction between the different classes. As such, it 
was chosen to simultaneously extract signal charac-
teristics in time and frequency domain, applying a 
sliding window method, with overlap of 50%, extract-
ing in each window a set of metrics potentially rele-
vant to the problem of classification.  
 
Given the nature of the signal to be classified - a time 
series marked by low frequency components – it was 
chosen to use a window with a duration of 50 seconds, 
translating a compromise between the capture of rel-
evant characteristics and an agile detection of changes 
in the state of the sea. The scarcity of data is a feature 
that manifests itself in several classification prob-
lems, this particular case not being an exception.  
 

Figure 2 - NARX network 



The data on the 8 excitation waves of the ISWEC sys-
tem have a relatively short duration, only 5 minutes 
per wave, which, given the parsimonious nature of a 
sea wave, could limit the extrapolation capacity of the 
algorithm in real environment. The application of the 
sliding window method, according to the indicated 
configuration, will allow to extract from the compo-
site signal several characteristics from 88 different 
windows.  
Having opted for a combined analysis in the time and 
frequency domain, the following set of characteristics 
is proposed:  

 
1. Root mean square value 
2. Mean value 
3. Standard deviation 
4. Range 
5. Maximum value 
6. Minimum value 
7. Kurtosis 
8. Skewness 
9. Mean frequency 
10. 3db bandwidth 

 
 
In the case under study it was decided to apply a 
cross-validation of 5 partitions (K = 5). In this same 
phase it was chosen to perform a selection of the char-
acteristics set, evaluating the classification perfor-
mance of the various models for the two proposed 
sets. Set “B” was obtained after the removal of fea-
tures: 2, 7 and 8.  

 
The use of a model with a linear kernel function is 
especially appropriate in cases where the set of obser-
vations is reduced and the number of characteristics 
is high, in which case the increased flexibility of non-
linear (Gaussian, polynomial ) may lead to a reduc-
tion in the generalization capacity [6]. 

 
Table 2 summarizes the classification performance 
values of each SVM model, supported by MATLAB 
Statistics and Machine Learning toolbox, for the two 
sets of characteristics, values that result from the av-
erage sensitivity of each class, that is, the probability 
of obtaining a true classification in each one. Com-
paring the two sets it is evident that the set "B" pre-
sents a performance value with less variability and a 
higher average value. In both sets it is the SVM model 
with a medium Gaussian kernel function that obtains 
the maximum value of performance, suggesting that 
the model trained for the set "B" is the most suitable 
for the extrapolation of the maritime wave by virtue 
of presenting the best performance, approximately 
80%, and fewer features. 

 
 
 
 

 
 

 
 
Table 2 - Classification results 

 Performance 

SVM kernel Set A Set B 

Linear 68.2% 71.6% 

Quadratic 71.6% 75.0% 

Cubic 69.3% 70.5% 

Fine Gaussian 40.9% 72.7% 

Median Gaussian 72.7% 78.4% 

Coarse Gaussian  43.2% 47.7% 

 
 
 

The performance evaluation of a classifier is often 
aided by a confusion matrix, which indicates in each 
class the false negative rate and the true positive rate 
- also referred to as sensitivity, or simply, the proba-
bility that a given class set is correctly detected. Fig-
ure 3 illustrates the confusion matrix of the selected 
model, indicating, green, the ratios of true positives 
and, the red color, the ratios of false negatives. Ob-
serving the values on the diagonal, it is concluded that 
the sensitivity of the model is, in average terms, 
higher than 70%, reaching a particularly high perfor-
mance - values higher than 90% - in class 1 and 2 
wave classification. The classification of the class 4 
wave indicates a lower performance, misclassifying 
36% of the observations. It is important to note that 
all incorrectly classified observations - false negative 
- belong to an adjacent or very close class of the ex-
trapolated class, suggesting that the characteristics 
chosen are sufficiently relevant in the class separa-
tion, failing, in certain observations, to distinguish 
more adjacent classes. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3 - Confusion matrix (set B, med. Gaussian) 



3.3 Multi-agent system modelling 

The JADE platform was developed in JAVA, an ob-
ject-oriented language that is characterized by the use 
of a code-execution virtual machine (JVM). This plat-
form is an open source solution, distributed under an 
LGPL license. The platform, which was launched in 
1998 on the initiative of Telecom Italia, is a middle-
ware solution - a term attributed to a software compo-
nent that assumes a layer of intermediation between 
the operating system and the existing applications - 
that aims to facilitate the realization of multi-agent 
systems faithful to FIPA specifications, providing a 
simple interface and a set of abstractions that allow a 
programmer to develop a system according to speci-
fications without the need to know them in detail [7]. 
 
In the modeling of the multi-agent system two types 
of agent were defined: a generic agent and a central 
agent. The generic agent is responsible for a single 
ISWEC converter, thus having the ability to change 
the parameters of the respective PD controller. The 
actions performed by this agent are the result of their 
interaction with the central agent. The central agent 
has as its function to provide, to all the agents that 
request it, the forecast of the maritime wave, allowing 
all the converters present in the wave park have their 
parameters defined in order to obtain the best perfor-
mance in the electricity production. The central agent 
receives the forecast information directly from a ma-
chine learning system, encompassing a NARX neural 
network and an SVM classifier. 

 
 

4 RESULTS 

The test signal used consists of a 4 and 7 wave agglu-
tination, 60% of the observations belonging to the 
first type. The signal lasts for 60 minutes and there 
are no different waves with a duration of less than 5 
minutes . The construction of this signal aims to in-
troduce some uncertainty in the hourly prediction, in-
cluding a wave type with a more fleeting occurrence, 
evaluating if the system is able to detect the transition 
between waves and, thus, to obtain a better perfor-
mance in the extraction of energy. 
 
It is concluded that in the scenario created, the dy-
namic configuration of system gains results in a 
higher average power absorbed. However, it is im-
portant to note that assuming this signal would be 
classified as type 4, the marginal performance of the 
dynamic controller versus the conventional predic-
tion model would have an advantage of approxi-
mately 5% (see Table 3). The insufficiency of real 

data does not allow a deeper evaluation of the dy-
namic detection system, remaining the realization of 
artificial scenarios whose applicability is unknown. 
 
 Likewise, the period between adjustment events, 
which depends on the classifier system (minimum 
buffer), is a parameter that requires a probabilistic 
knowledge about the state of the sea and its transi-
tions. 
 
 
 

Table 3 - Test results 

Wave Mean Absorbed 
power (W) 

Relative per-
formance (*) 

1 47938 61.04% 

2 62843 80.02% 

3 74643 95.05% 

4 74782 95.22% 

5 71366 90.88% 

6 77335 98.48% 

7 77597 98.81% 

8 76538 97.46% 

Dynamic* 78532 100.00% 

 

 

5 CONCLUSION 

The combination of the multi-agent system with the 
automatic learning methods revealed, albeit in artifi-
cial scenarios, as a viable alternative to the traditional 
forecasting system, obtaining an increase in the aver-
age power absorbed by the ISWEC. It will be im-
portant to note that this automatic gain adjustment 
strategy is sensitive to the distribution of sea waves 
not considered by the traditional forecasting system. 
Given that this information is unknown, it is expected 
that the performance increase of the multi-agent con-
trol system will be more evident when the traditional 
forecast, performed in an hourly fashion, does not 
consider the presence of high energy waves of re-
duced duration, using gains adjusted only for the 
lower intensity waves. In the artificial example, the 
dynamic adjustment system had an advantage in the 
extracted power of 5% over the traditional model.  

 
 

6 BIBLIOGRAPHY 

 

[1]  T. Thorpe, “A Brief Review of Wave 
Energy,” 1999. 



[2]  A. F. O. Falcão, “Modelling of Wave 
Energy Conversion,” Instituto Superior 
Técnico, Universidade Técnica de Lisboa, 
2014. 

[3]  G. Vissio, D. Valério, G. Mattiazzo, G. 
Bracco, P. Beirão and N. Pozzi, “ISWEC - 
Linear Quadratic Regulator oscillating 
control,” 2016. 

[4]  R. Laranjeira, “Control of the Wave 
Energy Converter ISWEC in Simulation,” 
2016. 

[5]  G. Bracco, “ISWEC: a Gyroscopic Wave 
Converter,” 2010. 

[6]  A. Ben-Hur, C. Ong, S. Sonnenburg, B. 
Scholkopf and G. Ratsch, “Support Vector 
Machines and Kernels for Computational 
Biology,” PLoS - Computational biology, vol. 
4, no. 10, 2008.  

[7]  F. Bellifemine, G. Caire and D. 
Greenwood, Developing multi-agent systems 
with JADE, Wiley.  

 
 

 
 


