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ABSTRACT : The development of wave energy recovery devices requires an in-depth knowledge of the site
topology and sea states. The objective of this paper is to study the wave behaviour in the East coast of
Madagascar, which allows to estimate the performance of the wave systems. The Kohonen network was used
to regionalize the area of study according to the wave parameter characterisations. The ECMWEF reanalysis
data between 01st January 2015 and 31st December 2020 was used. The results show that the area of study is
subdivided into three sub-areas named zone 1, zone 2 and zone 3 influenced mainly by the mean period,
significant wave height and direction. Period of zones 1, 2 and 3 are characterised respectively as low, medium
and high period. Zone 1 and 3 touch the East coast of Madagascar. Significant height wave are low or high.
Direction of wave propagations in zone 1, zone 2 and zone 3 are respectively ESE, SE and SSE. The occurrence
of the parameters varies from 16.7% to 83.3% (with maximum period of 10.5 s and maximum significant height
of 3.1 m, from SSE 179°) whatever the area and the season. The average annual recoverable powers is
27.76kW/m for zone 1 and 27.76 kW/m for zone 3. These different powers allow to consider a new and reliable
concept of wave energy recovery in this area.)

Key words : Wave energy, Wave power system, East coast of Madagascar, Wave parameters, Kohonen
network.

l. INTRODUCTION

Renewable energies are primary energies that are inexhaustible on a human scale [1]. They are the
direct result of regular or constant natural phenomena linked to the energy of the sun and gravitation.
According to the World Energy Council, the global energy potential of wave energy is estimated between 8,000
and 80,000 TWh/year [2][3][4]. In Madagascar, the annual average of the wave front power per metre is in the
order of 10 to 50 kW/m) [5]. The characteristic and potential of the adapted wave system on the coastal
structure is estimated by the on-site wave data [6], [7]. For some years, studies have been conducted to
optimise wave energy recovery systems. For example, Neuvéglise is initiating its study of the behaviour of a
shore-based float by analysing sea state data from the Esquibien site. More than 50% of mean energy period
and significant wave height are between 5 s and 7 s and 0.5 m and 2 m respectively [4]. In a similar way,
Michard et al. [7] carried out the analysis and dimensioning of the energy production of the oscillating wave
system in the framework of the EMACOP project. The maximum energy is recovered for swells with a period
between 9 s and 11 s and a significant height between 0.5 m and 1.5 m. In addition, most of the energy is

111 Received-20-03-2022, Accepted- 31-03-2022


file:///C:/Users/4-2/224-fees/www.iarjournals.com

American Journal of Sciences and Engineering Research wwww.iarjournals.com

recovered in the winter season than in the summer. More recently, Baudry et al. showed that the optimal
power produced by the inverted beater system is 359.57 MWh/year, for the couple height-period (2 m, 12 s)
[8]. This paper aims to study wave behaviour in order to estimate the performance of coastal wave systems in
the East of Madagascar. We performed Kohonen regionalization of our study area and statistical analysis of
the three wave parameters, namely mean period, significant height, and mean direction. Results show that the
power obtained will make it possible to propose a more favorable concept for the recovery of wave energy.)

Il.  MATERIALS AND METHODS

2. 1- Presentation of the study area and datasets

The study area is located in the coastal and maritime regions of the East part of Madagascar covering an area
of approximately 1,280,000 km’ , shown in Figure 1. It is located between latitude 16.5°S to 29.5°S and
longitude 45°E and 55°E, characterised by 437 grid points. Its climate is almost tropical, with two seasons: a dry
season from May to October and a rainy season from November to April. Two short off-seasons with a
duration of about one month each separate these two seasons. In this study, data on the significant height,
mean period, and mean direction of wave propagations from 01st January 2015 to 31st December 2020 are
obtained from the European Centre Medium-Range Weather Forecasts (ECMWF) ERA5 (ECMWEF Reanalysis 5th
Generation) so-called Copernicus. These data have a high spatial resolution of 30 km and are measured at 6-
hour time steps over a 6-year period, with a NetCDF (Network Common Data Form) extension.)
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Figure 1: Location map of the study area, boxed in blue (lat.: 16.5°S to 29.5°S, long.: 45°E to 55°E)

2. 2- Methodologies

2.2.1- Kohonen's self-organising map

The neurobiologically inspired Self-Organising Map [10], [11], also known as Kohonen's network [12], [13] is a
method belonging to the field of artificial intelligence. It is proving to be a very powerful tool for data analysis.
The Kohonen network is a type of unsupervised network based on competitive learning[14] and has the
concept of classifying training vectors into groups, each represented by an output neuron. The aim of this type
of classification is to increase the inter-class distances and reduce the intra-class distances, so that the
elements of a class are more similar to each other. To create this map, we will first choose the type of
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classification according to the size of the map whose optimal dimension is given by the relation :
M ><5><(N)1/2 where M is the number of neurons in a map and N is the number of observations.

2.2.2- Kohonen's Self-Organizing Map Algorithm

Table 1 shows the Self-Organizing Map (SOM) algorithm, with R(t): Neighbourhood radius of the neuron

defined beforehand, L et K : Number of Columns and Rows , OL('[) : learning rate, (0 <o Sl) , X Input

vector, D : Grid diameter (With D =(L+ K)/Z ), Mip : Coefficient with index i and D, C : Identity of the

winning neuron, hc,i(t) : Neighbourhood rate at index C, i (t) and W; : Poids.

Tableau 1 : Table 1: Kohonen's Self-Organizing Map Algorithm [15]

Initialization :

1. Initialise the weight vectors of each neuron.
2. Initialise the learning parameters.

t=0; R(0)= major[@};a(o) 01 (1)

Training :

- Competition: 3. Randomly select a sample from the training base.

4. Present the input vector X on the input layer).

X = (£ Eaven ) <R )

5. Calculate the Euclidean distance for each neuron.

H)_( Wu” :\/(E.!l Hi,l)2 +(E.>2 Hi2 )2 +"'+(E.>D Hip )2 (3)

6. Search for the identity of the winning neuron.

C =argmin = HY W,H (4)

- Adaptation : 7. Calculating the neighbourhood rate

Al
Ne i) = &P F(t)}“’)
8. Update the weight vector (6)
ar (ta1) | (O (O<hey x(Xw (1) sif 7] <R(Y

w, (1) else
9. Update the learning parameters.
t

——(7)
500xLxK

t=t+La(t+1)=o(t)

. t
R (t+l) =R (t)— majorm (8)

Reminder:

- Competition : 10. Present a vector X of real space on the input layer.
11. Calculate the Euclidean distance for each neuron.
12. Search for the identity of the winning neuron.
- Decision : 13. Identify the class of the vector on the output layer cluster.
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2.2.3- Wave energy resources

Due to the random nature of waves, the sea state is described by statistical parameters, such as the significant
height and the average energy period [16]. In this study area, the intensity of gravity and the density of
seawater are 9,79 kg/N and 1025 m® /kg respectively. In order to consider the phenomenon of the
superposition of several waves, the average power per metre of wave front in the direction of propagation is
obtained according to equation (9) and (10)[18], [19].

P, =500xH.xTe (W/m)

In kilowatts per metre we get :

Paw =(1/2)xH?xTe (KW/m)

where Hs is the significant wave height and Te is the wave energy period.

RESULTS AND DISCUSSION

3.1- Presentation of daily reanalysis data

(

)

10)

Figure 2 and Figure 3 show respectively the spatial distribution of annual mean significant wave height and

mean energy period in the East of Madagascar for six years (from 2015 to 2020).

Year 2015 - Yea# 2016 10 Yeagr 2017
= oo
o 25 25 25
-15 & -15
& .
g i > E3 2 £3 2 g
2-20F £_§-20' T P
= 15 8 =
1.5 ‘5
-25 -25
1 ;
1
-30 -30
40 45 50 55 40 45 50 55 40 45 50 55
longitude longitude longitude
L .
6 Ye£2018 55 Yeg?2019 10
25 ' o S 3
: @ 25 @
-3 &
-15 5 -15} I 25
¢ : @ '\‘/bs 2 “7@
.é < w 2 20F i 5 20F 2 %
«© 15T F T T
= 15 —
1.5
. 25 -25
1 1
'30 = _30 30
40 45 50 55 :
foryc ke 40, 45 50 55 40 45 50 55
longitude longitude
Figure 2: Annual average significant wave height from 2015 to 2020
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Figure 3: Annual average wave period from 2015 to 2020

3.2- Regionalization of wave parameters)

The neural map contains 6 x 7, which makes 42 neurons in the map sufficient for each of these parameters.
The quality of the classification depends on the convergence of the learning progress: the intra-class distance
should be as small as possible. The learning progress for the classification of the mean period, direction and
significant wave height converges after 2000 iterations. Learning stop after 2500 iterations. For each of the
parameters, at the end of the convergence, the numbers of individuals gained by each neuron are plotted and
represented on the neuron map. The maps contain only one empty neuron out of 42 for the mean period
parameter, two out of 42 for the significant height and three out of 42 for the mean wave direction. )

3.2.1- Map of classified neurons

The Kohonen self-organising map used for the three parameters (Mean period, Significant height and Mean
wave direction) contains 42 neurons (6x7) grouped in three classes or clusters as shown in Mapping plot
(figure 4). The closest neurons are thus grouped together to form the three distinct classes: class 1, class 2 and
class 3
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Mapping piot Mapping plot

(a) Mean wave period (b) Significant wave heights (c) Mean wave direction
Figure 4: Map of classified wave parameter neurons

The characteristics of the neurons, their indexes and classes are defined from the interconnection distance and
according to their class, they are given in Table 2. The neurons are numbered from left to right and from
bottom to top; neuron 1 is at the lower left and neuron 42 at the upper right and the classification of the
neurons are given in Table 2.

Table 2: Classification of neurons (by index)

CLASS / a) -Te Neuron indexes
Classe 1 (Green) 36, 40, 41, 42
Classe 2 (Red)) 18, 22, 23, 24, 27, 28, 29, 30, 31, 32, 33, 34, 35, 37, 38, 39
Classe 3 (Blue)) 1,2,3,4,56,7,8,9,10,11, 12,13, 14, 15, 16, 17, 19, 20, 21, 25, 26
CLASS / b) - Hs Neuron indexes
Classe 1 (Green) 27,28, 29, 30, 33, 34, 35, 36, 38, 39,40, 41, 42
Classe 2 (Red) 5,6,11,12,16, 17, 18, 22, 23, 24, 26, 32, 37
Classe 3 (Blue) 1,2,3,4,5,6,7,8,9, 10, 13, 14, 15, 19, 20, 21, 25, 31
CLASS / c) - Dir Neuron indexes
Classe 1 (Red) 5,6,11,12,17, 18
Classe 2 (Blue) 1,2,3,4,9, 10,15, 16, 22, 23, 24, 29, 30, 35
Classe 3 (Green) 7,8,13,14,19, 20, 21, 25, 26, 27, 28, 31, 32, 33, 34, 36, 37, 38, 39, 40, 41, 42

3.2.2- Code plot of data distribution

The neural map represents the character of the month variables for the whole year and is shown in Figures 5
and 6. It can be seen that neuron number 42 has individuals with low wave periods in all months of the year
and neuron number 1 has individuals with higher mean wave periods. For significant height, the distribution is
reversed.
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Figure 5: Codes plot of the mean wave period data Figure 6: Codes figure of the distribution of

distribution for each month significant wave height data for each month.

3.2.3- Histogram of the classification of the different parameters

The histogram in Figure 7-a represents the classes of the mean wave period in our study area while respecting
the classification and while checking the distribution of variables in Figure 5.

The green area (class 1) has the lowest period value, the red area is medium, and the blue area has the highest
value in all months of the year. Figure 7-b shows that the climatological monthly variation of the significant
height. Class 3 (green) is much higher than class 2 (red) and class 1 (blue). Figure 7-c shows the mean direction
of the wave origin from ESE115° class 1 to SSE179° class 3.
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Figure 7: Histogram of the monthly climatological mean wave parameters for the 3 classes

3.2.4- Mapping of data classification in the study area
The classification of the different wave parameters is shown on the geographical map (Figure 8 : Figure 8-3,
Figure 8-b and Figure 8-c).
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zone 2 (Red) and zone 3 (Blue) (Green), zone 2 (Red) and zone 3 (Red), zone 2 (Blue) and zone 3
(Blue) (Green)

Figure 8: Map representation of the data classification

3.3- Occurrence frequency of wave parameters

The percentages of occurrences for all three classes are presented as follows :
3.3.1- Frequency of occurrence for the Mean wave Period

Class 1: Te varie from 8 s to 8.5 for the maximum frequency of 41.98%

Class 2 : Te varie from 8.5 s to 9 s for the maximum frequency of 48.31 %
Class 3 : Te varie from 9 s to 9.5 s for the maximum frequency of 38.17 %
3.3.2- Occurrence frequency of significant height

Class 1 : Hs varie from 1.5 to 2 m for the maximum frequency of 45.50 %
Class 2 : Hs varie from 2 to 2.5 m for the maximum frequency of 69.67 %
Class 3 : Hs varie from 2.5 to 3 m for the maximum frequency of 61.94 %
3.3.3- Occurrence frequency of the mean wave direction

Occurrence frequency of the wave direction is presented by a wind rose diagram (Figure 9).
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Class 1 : Hs varie from 2.2 a 2.3 m, the maximum frequency is 40 %, of direction SE120°
Class 2 : Hs varie from 2.4 a 2.5 m, the maximum frequency is 40 %, of direction SSE160°
Class 3 : Hs varie from 3 a 3.1 m, the maximum frequency is 27.2 %, of direction SSE160°
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Figure 9: Rose of mean direction of wave origin over the year

3.4- Seasonal variation of wave parameters
3.4.1- Seasonal variation of the mean wave period
For each sub-zone (class) (Table 3-a, 3-b and 3-c), during the winter period, the mean wave period varies from
7.55t010.5 s and in summer from 7.37 s t0 9.61 s.
Table 3: Seasonal distribution of mean wave period

a) - Sub-zone

Season Te mean (s) [6-6.5] [6.5-7] [7-7.5] [7.5-8] [8-8.5]
Winter Percentage (%) 0 0 0 33.33 66.66
Summer Percentage (%) 0 0 16.66 50 33.33

b) - sub-zone 2

Season Te mean (s) [7-7.5] [7.5-8] [8-8.5] [8.5-9] [9-9.5]
Winter Percentage (%) 0 0 0 33.33 66.66
Summer Percentage (%) 0 0 33.33 66.66 0

c)- Sub-zone 3
Season Te mean (s) [8-8.5] [8.5-9] [9-9.5] [9.5-10] [10-10.5]
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Winter Percentage (%) 0 0 16.66 50 33.33
Summer Percentage (%) 0 0 83.33 16.66 0

3.4.2- Seasonal variation in significant wave height
The frequency distributions of significant wave height during summer and winter are shown in Table 4.
Sub-zone 1: During the winter period, 83% of the waves have heights between 2 m and 2.5 m. In summer, only
16.66 % of the wave height is between 2 m and 2.5 m.
Sub-zone 2 : During winter, 50% of the waves have heights between 2 m and 2.5 m and 33.33% between 2.5 m
and 3 m. In summer, the height is between 2 m and 2.5 m.
Sub-zone 3 : During winter, 16.66 % of the waves have heights between 3 m and 3.5 m and 83.33 % between
2.5 m and 3 m. In summer, 50% of the frequency of occurrence of waves between 2 m and 2.5 m high and 50%
between 2.5 m and 3 m.)

Table 4: Seasonal distribution of significant wave height

a) - Sub-zone 1

Season Hs (m) [0.6-1] [1-1.5] [1.5-2] [2-2.5] [2.5-3] [3-3.5]
Winter Percentage (%) 0 0 16.66 83.33 0 0
Summer Percentage (%) 0 0 83.33 16.66 0 0

b) - Sub-zone 2

Season Hs (m) [0.6-1] [1-1.5] [1.5-2] [2-2.5] [2.5-3] [3-3.5]
Winter Percentage (%) 0 0 16.66 50 33.33 0
Summer Percentage (%) 0 0 0 100 0 0

c)- Sub-zone 3

Season Hs (m) [0.6-1] [1-1.5] [1.5-2] [2-2.5] [2.5-3] [3-3.5]
Winter Percentage (%) 0 0 0 0 83.33 16.66
Summer Percentage (%) 0 0 0 50 50 0

3.5- Evaluation of wave energy powers

The powers per metre of wavefront are shown in Figure 10 according to their corresponding sub-zones.
Sub-zone 1, scatter sub-zone 1: According to Figure 10-a, the maximum energy (P_max) over time is recovered
in July with P_max = 25.76 kW/m. The corresponding wave period is Te = 8.441 s with a height Hs = 2.47 m.
Sub-zone 2, Sub-zone 2, scatter sub-zone 2:In Figure 10-b, the peak available power (P_max) is reached in July
of P_max = 35.45 kW/m for a height Hs =2.745 m and a period Te =9.41 s.

Sub-zone 3, scatter sub-zone 3: Figure 10-c shows that the maximum power available is 48.32 kW/m in July. It
corresponds to the significant height Hs = 3.049 m and the period Te = 10.4 s.
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Figure 10 : Wave energy levels in the sub-zones (kW/m)

3.6 - Discussion of the Kohonen Network Method

The Principal Component Analysis (PCA) and the kohonen network are two methods that can be used for data
analysis and classification. For our study, we chose to perform the classification of the characteristic wave
parameters on the East part of Madagascar using the Kohonen network method. This method allowed to
obtain three sub-zones (sub-zone 1, sub-zone 2, sub-zone 3). The choice of this method is in line with the
results of the work of Rasolozaka et al [20]. A better classification of the parameters allows to have a more
reliable estimate of the performance of wave energy recovery system in our zone. This makes classification a
crucial step in the study of wave energy recovery system performance estimation.
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IV.  CONCLUSION

In this study, we used the Kohonen network regionalization method to get a better estimate of the
performance of the wave system. This method allowed to subdivide the study area into three areas according
to the wave behaviour. In sub-zone 1, the period and significant height are low and the mean direction is East-
South-East. The mean significant height, mean period and direction of South-East waves are grouped in sub-
zone 2. High values of period and height are collected in sub-zone 3. The wave directions in this sub-area are
South-South-East. For a maximum period-height pair (Te, Hs), the estimated power is 48.32 kW/m (10.40 s,
3.05 m) in zone 3, 35.45 kW/m (9.41 s, 2.75 m) in zone 2, and 25.76 kW/m (8.40 s, 2.47 m) in zone 1.
Therefore, the mean wave period, significant wave height and mean wave direction in the East coast of
Madagascar are favourable for coastal energy development. Following this classification in terms of energy
potential, we plan to design and optimise a wave energy recovery system using a venturi flow.
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