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Abstract

The main objective of this paper is to model, analyze and estimate wind energy at East region of
Mohammedia and other Moroccan sites. The basic data were taken from meteorological records of
each region. In this context, this work is focused on a methodological approach of a decision sup-
port system for optimal choice of wind turbine using multi-criteria model that takes into consi-
deration both the accurate Weibull distribution in the area (wind speed-ground roughness) and
the technical parameters of the wind turbine. In this approach we realized an adapted modeling of
each element of the turbine (rotor-multiplier-generator). This article also offers a way to forecast
wind speed in a region where wind data are not accessible using an artificial neural network.
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1. Introduction

The wind is a promising sustainable energy source that can help reduce dependence on fossil fuels. Wind power
has a very high world growth rate. In 2013 wind power worldwide grew by 35,572 MW, bringing the global in-
stalled capacity to over 318 GW [1] [2]. Although it can’t replace completely the traditional energy sources, this
energy can however offer an interesting renewable alternative that would help to reduce the exhaustion of fossil
resources. It fits perfectly in the global effort to reduce CO, emissions and more generally in the context of sus-
tainable development of the energy landscape. Choosing a wind farm in a wind energy production system is the
most crucial part because the energy produced depends essentially on the wind resources available at the site. In
order to achieve an accurate estimation of these resources, the implementation of a high performance computing
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tool is required to avoid wind intermittency misguidance [3]. In the first part of this paper we represented the
wind speed probability distribution using Weibull distribution to estimate and analyze the energetic wind poten-
tial in many Moroccan sites. In the second part, we propose a decision support system model for an optimal
choice of wind turbine technology using multi-criteria model that takes into account both the best Weibull dis-
tribution in a given location and the appropriate wind turbine. When wind speed data are not available in a given
location we elaborated an artificial neural network that predicts wind speed records.

2. The Wind Analysis

In literature many probability density functions may be used to study the wind speed, although the most wide-
spread is the Weibull distribution as it is more accurate in this field. According to Justus et al. [4], the Weibull
distribution with two parameters is given by the following equation [4] [5]:

- ()

where ¢ (m/s) is the scale parameter that determinates the position of the curve, based on wind characteristics in
the site, and k (unit less) is a shape parameter that indicates the shape of the curve, and v is the wind speed.
There are several methods to estimate the ¢ and k parameters of the Weibull distribution: the Standard deviation
method (SD), the Method of maximum likelihood (MLH) and the least squares method (LSM). In this study, the
two parameters k and ¢ were determined using the SD, given by:

P -1.086
k:(v—) @

Cc= [ | — (3)
F[l+ 1]
k
V_ is the average speed, o the standard deviation and T is the usual gamma function.

Vm:J':v~f(v)-dv:c-F(1+%] (4)

In this study the wind speed data was collected at different heights H,, it is then necessary to extrapolate the
measures at a same height H.
H a
v=v_ | — 5
. ®

where « the surface roughness and v is the wind speed at the desired height.

2.1. Wind Power Density

The wind power flowing at a speed v through the blade sweep area A [m*] is given by the well known expression
[6]:
1 3
P(v):E-p-A-v (6)

The wind power density, for a given theoretical probability distribution f (v) can be calculated by the fol-
lowing integration:
P:IP(V)f(v)dv:%.p,A_Cs_r(%j .

0

p[kg/mﬂ is the air density.
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2.2. Available Wind Energy Density Estimation
Likewise, the available energy per year E,, [W-h] is given by:

E., T ‘1, 1 k+3

Zan 5 (B f(V)-dv==-p-C T —2|.T 8

TR I (v)-dv=20p ( ” J ®)
vi and vf are the cut-in and the cut-out wind speeds, T is the number of hours per year, and f (v) is the

Weibull function fitted for the specific wind site [7].

2.3. Wind Available Energy Estimation Results

The following results were obtained for the site of the ENSET Mohammedia and many other sites in the Mo-
roccan territory, based on meteorological data. Owing to the fact that Sites in our study can be classified into
three different types as explained further, we picked a site from every class to represent the Weibull distribution,
as shown in Figures 1-3, while Table 1 summarizes all the results.

The average wind speed, the Weibull parameters ¢ and k, the wind power density and the available wind
energy density, represented in Figures 1-3 and Table 1, are the essential factors affecting site choice. As shown
in Table 1, the most promising sites in terms of available wind energy density are: EI Koudia Al Baida (Teto-
uan), Sendouk (Tanger), Cap Sim (Essaouira) Col Touahar (Taza), S. EL Garn (Tantan), Tarfaya, Laayoune,
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Figure 1. Histogram and Weibull distribution of wind speeds
(Site: Col de Touahar Taza).
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Figure 2. Histogram and Weibull distribution of wind speeds

(Site: Had hrara Safi).
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Figure 3. Histogram and Weibull distribution of wind speeds
(station ENSET Mohammedia).

Table 1. Wind available energy estimation results.

Site ¢ (m/s) k P (W/m?) E (KWh/m?% Hom Hm Vino (M/S) Vi (M/S)
Station ENSET 2.93 1.72 48 420.3 8 78 2.61 5.17
El Koudia Al Baida (Tetouan) 12.45 2.58 5087.1 44563.1 9 78 11.06 15.23
Sendouk (Tanger) 10.28 2.36 2524.9 22118.8 9 78 9.11 13.01
Tiniguir (Dakhala) 9.96 3.10 3890.9 34084.8 9 78 8.91 12.80
MyBoussalham (Kenitra) 4.98 1.89 240.81 2109.5 9 78 4.42 7.24
Salouane (Nador) 4.41 1.96 169.5 1484.6 10 78 391 6.39
Had hrara (Safi) 7.79 2.02 950.6 8327.6 10 78 6.9 10.18
Col de Touaha (Taza) 9.54 2.16 1832.3 16051.4 20 78 8.44 10.66
Cap Sim (Essaouira) 10.91 2.18 2768.7 24253.4 40 78 9.66 10.75
S. ELGarn (Tantan) 7.38 2.74 1179.2 10329.4 40 78 6.57 7.48
Tarfaya 9.13 391 6841.3 59930.1 40 78 8.27 9.30
Laayoune 11.95 4.20 21650.5  189658.5 40 78 10.85 12.02

Tiniguir (Dakhala), therefore these locations are the most suited for wind farms.

Moulay Bousselham (Kenitra), Had hrara (Safi), Salouane (Nador) have a low average wind potential, which
makes these location non suitable for massive wind farms and big wind turbines, however they can be very good
spots for the installation of small wind turbines not exceeding 400 KW. The wind turbine installed in ENSET
Mohammedia for example is destined to scientific research purpose, and is of domestic size because of the low
potential in this region.

2.4. Selecting Best Fit Wind Turbines

The geographic location and wind turbine generator selection affect directly the wind farm economics. Appro-
priate wind turbine generators are chosen based on the annual energy production. As a first step we estimate the
power production for many wind turbines, in order to choose the best matching one for each site in our study.
Figure 4 shows the curves of rated power of the first category of wind turbines: V52-850 KW, V80-2000 KW
and V112-3000 KW. This type of wind turbines is destined to sites that are the most qualified for wind farms.
For sites with moderate potential we decided to compare more adapted types of wind turbines: E33-335 KW,
E40-600KW, and E44-910KW (Figure 5). In the ENSET Mohammedia region which has the lowest potential

()
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Figure 4. Power curves of Vestas wind turbines.
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Figure 5. Power curves of Enercon wind turbines.

we used smaller wind turbines. All power curves were obtained from constructor data sheets.

In an attempt to identify the most efficient wind turbine in each site, we were forced to compute a yield factor
(F,) obtained by dividing the annual energy production of the wind turbine ( E,) by the wind energy density
(Ean):

EP
F E. 100 9)

In Table 2, we summarized computed values of the yield factor for each wind turbine. We noticed that effi-
cient choice of the wind turbine is not established only by its annual production. Therefore in the 8 first sites the
V80-2MW with an average annual energy production is the most effective investment, because it has the highest
yield factor. On the same basis, the E33-335KW is the most adequate wind turbine for sites with average poten-
tial. Likewise in the ENSET station, the optimal wind turbine is the Ws-3,2KW.

3. Modeling of the Wind Turbine

In order to enhance the decision support system it is necessary to model the principal wind turbine components,
using the V-80 as it appears to be the optimum choice in the windiest sites. In an aim to aggregate our decision
system the following models (corresponding to the four main components of a horizontal axis wind turbine)
were taken into account in our study for the modeling of the wind turbine.

3.1. Rotor Model

The power that can be produced by a wind turbine at every speed v is given by [3]:
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Table 2. Annual energy and Yield factors.

Wind Turbine energy (Ep) Yield factor (Ey)
Site V-52 V-80 V-112 V-52 V-80 V-112
El Koudia Al Baida 79 3 114645 16034.7 5.06 5.12 2.89
(Tetouan)
Sendouk (Tanger) 3725.1 8928.1 12178.7 7.93 8.03 4.42
Col de Touahar (Taza) ~ 3289.9 7877.6 10682.1 9.64 9.76 5.34
Cap Sim (Essaouira) 3954.5 9466.7 13074.3 7.67 7.76 4.32
S. ELGarn (Tantan) 1951.5 4623.4 5915.9 8.89 8.90 4.59
Tarfaya 3201.9 7656.1 9908.4 2,51 2.54 1.33
Laayoune 5168.1 12479.8 17105.6 1.28 131 0.72
Tiniguir (Dakhala) 3703.6 8898.7 11875.9 5.11 5.19 2.79
E-33 E-40 E-44 E-33 E-40 E-44
My Boussalham 368.8 544.1 646.6 19.95 16.97 20.15
(Kenitra)
Had hrara (Safi) 1017.3 1649.5 2033.7 13.94 13.02 16.06
Salouane (Nador) 249.2 351.8 4205 19.16 15.58 18.62
Ws-3 AV-7 FL-30 Ws-3 AV-7 FL-30
Station ENSET 1.38 7.816 6.532 20.79 14.30 11.95
1 3
Potz?p-Cp-A~v (10)
Cp is the power coefficient of the rotor which can be estimated by [8] [9]:
2
(Inv—InVy,)
Cp=Cpy - &XP| —————— (11)
2-(Ins,)
Cp,a s the coefficient of maximum power for the wind turbine.
V,,s, are the operation optimal speed, and operating range parameter of for the wind turbine.
L v,
Vy isgivenby: Vy=—F—"—>= (12)
exp[3(|n s,) J
v, is the nominal wind speed. Cp,,, is given by [3] [6]:
A - B*Y 1.9242 B C
Cpuy = 0.593 Y - max . D (13)
1.48+(B%" -0.04)- A, +0.00254%, 1+24,,-B C
where
B is the number of pales.
n-N D .
. = -—=% N is the rotor angular speed.
Vd

E—D is the accuracy given by the ratio between the coefficients of drag and lift, set to 120 [3] [10].
L
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3.2. Gearbox Model

Total Gearbox efficiency #m  depends on the rotor output power Pot[W], the nominal power Pn[W], and
the Gearbox’s efficiency factor Fm [11] [12].

pm=1+ {(1— Fm)(;gt +%ﬂ (14)

Fm=0.89Pn"? and Pn isinkW.

3.3. Generator Model
The total power Potm generated is:
Potm = zm- Pot (15)
The total efficiencyngof the generator is given by [11] [12]:

B 3 Potm ’ Png
ng —1+!(1 Fg)[S( Pg J +1J(6Potmj] (16)
With:

Fg =0.87Pn®™* (Pn kw)
Png=Pn-Fm-Fg-F,,
F, is service factor of the multiplier [11].

S

2 if SCS
Png =PnF, =<1.75 if PCS
1.25 if PVS
SCS is the stall-constant-speed, PCS is the pitch-constant-speed and PVS is the pitch-variable-speed.
By combining the three component models presented above we get the overall power coefficient:
Cptot=Cp-nm-ng 7

Once the total power coefficient determined, it is now possible to calculate the annual electric energy produc-
tion.

3.4. Energy Model

The annual production of electrical energy E_,, W-h/year by a wind turbine rotor working at a range of wind
speed ve [vi Vs J having a surface A is given by [3]:

E,.(W-h) :%.p- A.jvvif V* foup; - Cptot -dv (18)
where v; [m/s] is the cut-in wind speed, and v, [m/s] is the cut-off wind speed. f is The Weibull func-
tion adapted to the height of the hub.

The boundary layer is the energy exchange area between the atmosphere and the land surface. The Weibull

parameters ¢ and k depend of the site characteristics. With these parameters and the height of the hub Hyy, it is
possible to define the new Weibull parameters ¢, and k., [3]:

hub,i

Hh b )
C,p=C-| —=2 19
hub ( HO j ( )
K., =k+0.03-H,, +0.02 (20)
with:
a =0.37-0.088Inc (21)
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H, (m) is the measurement height of the wind, H,, is the height of the hub. Thus, the Weibull function

defined at H,, isgiven by:
f _(MJ.(LT“‘”W _(LJKM )
" G ) oo Chup

4. Results and Discussion

Our decision support model aim to select the optimal wind turbine technology at a specific location, in order to
minimize cost and maximize benefits by selecting the most homogenous correlation between technical gear and
geographic location. To achieve this objective we developed a method including input variables that represent
the technical characteristics of the wind turbines, and other input variables representative of the wind energy
available in the site computed from the wind model.

The evolution of the power coefficient Cp is a specific data in every wind turbine. From records made in a
wind turbine, we use the power curve given by the manufacturer of the V80- 2MW as a reference. This curve is
obtained by the use of procedures and recommendations in the international standards. Table 3 represents the
technical characteristics of the V80-2MW used in this study.

Figure 6 represents a Comparison between the power curve given by the manufacturer and the one computed
by the model. The wind power curve shows that between the starting speed and nominal wind speed, the ma-
chine extracts the maximum power of wind on the rotor disc, as the two curves are matching. We notice that the
two power curves are different for high speeds; this is due to the mechanical constraints that are applied on pales,
it is necessary to block the wind turbine running in case of high wind speed.

In Figure 7, we plotted the power coefficient Cptot provided by (17).

Knowing the total power coefficient, it is possible to calculate the annual electric energy produced. Thus, we
took the site Col de Touahar as an example for detailed study with the wind turbine VV80-2MW, and we summa-
rized the rest in the Table 5.

- Site: Col de Touahar

First we carefully realized an extrapolation of Weibull parameters at the Hub height given by the Table 4.
The Weibull distribution at the Hub height is plotted in the Figure 8.

According to Equation (18), annual energy produced can be calculated per year for this site:

E,, =10063.95 MW -h

E.__ s the annual energy produced in the Col Touahar site using the V80-2MW wind turbine. The Table 5

pa
summarizes the results of other sites taken into account in our study.

5. The Artificial Neural Network (ANN) to Forecast Wind Speed in Other Regions
in Morocco

Our study took into consideration many sites in Morocco; however our model and the data acquired are not suf-
ficient to provide results in sites where the wind speed data is not available. In an attempt to predict the wind
speed in regions where data is missing or not complete, we realized an artificial neural network to forecast
monthly wind speed in the region of Boujdour as an example of location where metrological instrumentation is
not available [13]. Our ANN Figure 9 establishes a correspondence between longitude, latitude, temperature,
elevation and wind speed, based on measures gathered from 21 stations inside the Moroccan territory.

The ANN used is a multilayer Perceptron (MLP) type that provides FeedForward architecture [14] [15]; the
input and output layer are respectively constituted of 4 and 12 neurons respectively, the hidden layer contains 20

Table 3. Wind turbine design variables.

Wind turbine V-80
D (m) Pn (kW) Vn (m/s) H (m) N (tr/mn) Type of control p
80 2000 16 78 16.7 PVS 3

O,
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Figure 9. Conceptual idea of the built artificial neural network.

Table 4. The site characteristics at the hub height: Col de Touahar.

The site characteristics at the hub height: Col de Touahar

Knub Chup (M/S) Hiup (M)

2.46 12.03 78

Table 5. The results of the wind energy available at hub height.

Site Ho (m) Hruo (M) Chub (M/S) Knu Epa (MWh)

El Koudia Al Baida (Tétouan) 9 78 17.16 3.19 13354.7
Sendouk (Tanger) 9 78 14.67 2.92 12472.84

Cap Sim (Essaouira) 40 78 12.12 2.33 9935.36

Col de Touahar (Taza) 20 78 12.03 2.46 10063.95

neurons. This configuration is optimal because we can get a minimal error g(n) in the entire output given by
the following relation [16]:

1
e(n)=>2;(n) (23)
J
Where, e, is the error for the output node j in the nth data point, given by the following relation:
e;(n)=d;(n)-y;(n) (24)

®
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d and y are successively the target value and the value produced by the perceptron.

Geographical coordinates Table 6: longitude, latitude, altitude, and average temperature monthly observed
represent the input for the ANN used in this study.

Temperatures used for this study, displayed in Table 7, are the average monthly recorded degrees token from
the NASA: Atmospheric Science Data Center [17].

The average wind speed recorded monthly from several years of data Table 8 in the 21 sites used for this
ANN approach will be in the output layer.

The data collected in the previous table was also collected at different heights, it is then also necessary to
extrapolate the measures at a same height too, using the relation (5). We will use the same relation (21) to get
the surface roughness. Table 9 summarizes the results obtained after extrapolation to 10 meters.

Normalization is a very important procedure in the training phase and the testing of the artificial neural net-
work, because it guarantees that outputs and inputs are on the same weight scale [18]. Data was normalized li-
nearly in order to values ranging from 0 to 1 using the following relation:

XNorm :u (25)
xmax - Xmin

Predicted wind speed results in the unknown site of Boujdour, using the ANN for a height of 10 m like the
data used before are displayed in Table 10.

As performed previously we can extrapolate the obtained results to a desired height, we give the following

Table 6. Geographical coordinates of the different sites used for the study [2].

Sites Longitude Latitude Altitude (m)

1 Akhfennir —12.05 28.09 35

2 Bouznika -7.17 33.79 0

3 Cap cantin (Safi) -9.23 3231 150
4 Cap sim (Essaouira) -9.39 31.81 100
5 Dakhla -15.83 23.62 100
6 El gaada (Tiznit) —6.58 33.56 150
7 Fnidek -5.35 35.84 80

8 El Koudia al baida (Tetouan) -5.51 35.82 400
9 Lamdint (Taroudant) —7.38 30.25 1700
10 Myboussalham —6.4 34.52 133
11 Rabat —6.74 33.98 132
12 Sadane -5.7 35.78 400
13 Sahb el harcha (Tan-tan) -11.38 28.42 30

14 Salouane (Nador) -2.93 35.16 150
15 Sidi garn (Tan-tan) -11.3 28.52 48

16 Tagant (Essaouira) -9.83 31.12 265
17 Tamagrout (Zagoura) —7.48 31.38 800
18 Tan-tan (Port) -11.34 28.48 60

19 Tarfaya -12.93 27.91 100
20 Torreta (Tetouan) -5.4 35.54 208
21 Touahar (Taza) —4 34.22 510
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Figure 10. Plotted wind speed data obtained by the ANN for Boujdour.
Table 7. Temperaturesused for the study [17].
January February March  April May  June July  August September October November December
1 16.7 17.3 18.3 18.5 195 21 22.8 235 22.9 21.9 20.1 18
2 135 14.2 15.8 16.6 18.7 21.2 235 23.6 22.4 20.1 17.3 15.1
3 147 15.2 16.4 17.2 18.9 21 23.2 235 225 20.5 18.2 16.2
4 13.4 147 16.6 17.6 19.6 22.3 253 25.3 234 20.7 175 14.8
5 17.8 19.1 20.4 21.3 228 25.3 26.9 27.6 27.1 25 221 19.2
6 10.4 12.1 14.9 16.3 19.4 23.2 26.4 259 231 19.5 15.2 12
7 125 13.2 15.1 16.5 19 22.4 25.1 25 22.9 19.8 16.3 13.8
8 125 13.2 15.1 16.5 19 22.4 25.1 25 22.9 19.8 16.3 13.8
9 7.13 9.83 13.3 16.3 20 24.8 28.6 28.2 24.1 18.6 12.6 8.42
10 12.2 135 16 17.4 20.2 23.8 26.6 26 23.9 20.6 16.7 13.8
11 10.4 12.1 14.9 16.3 19.4 23.2 26.4 259 231 19.5 15.2 12
12 12,5 13.2 15.1 16.5 19 224 251 25 22.9 19.8 16.3 13.8
13 16.3 17.3 18.4 18.6 19.3 20.8 23 23.7 229 21.9 20 17.8
14 121 13 14.8 16.6 19.3 22.8 255 25.8 234 20 16.1 134
15 16.3 17.3 18.4 18.6 19.3 20.8 23 23.7 22.9 21.9 20 17.8
16 13.4 14.7 16.6 17.6 19.6 22.3 25.3 25.3 234 20.7 175 14.8
17 7.74 10.1 13.3 15.4 18.7 229 26.7 26.3 22.8 18.2 12.9 9.13
18 16.3 17.3 18.4 18.6 19.3 20.8 23 23.7 229 219 20 17.8
19 15.8 175 194 20 21.4 234 25.8 26.5 25.3 234 20.3 17.3
20 125 13.2 15.1 16.5 19 22.4 25.1 25 22.9 19.8 16.3 13.8
21 8.3 10.3 134 15.8 19.3 23.8 27.1 26.5 22.6 18.4 13.3 9.75
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Table 8. Average wind speed recorded monthly used for the study [2].

H (m) January February March April May June July August September October November December

1 10 5.1 5.8 6.1 6.5 5.2 4.8 4.5 4.3 4.2 4.18 49 5.1
2 9 3.8 4.3 3.9 4.5 4.2 3.9 3 35 34 43 33 3.8
3 10 5.64 5.64 6 5.6 5.4 44 52 5.6 4.4 5.64 5.64 5.64
4 10 6 6.9 5.8 7.6 7.9 8.9 9.6 9.4 7 6.2 6.7 5.7
5 9 7.4 7.49 7.54 854 914 101 105 9.3 8.49 7.16 6.75 6.23
6 9 4.7 4 5.7 45 5 49 43 4.6 4.6 35 53 43
7 9 5.81 524 5.53 6.54 5.1 6.13 5.96 6.02 5.99 5.81 5.81 5.81
8 9 10.4 11.7 9.71 10.2 8.4 11 11 10.4 10.5 8.2 10.9 9.6
9 9 4.7 4.5 6.1 6.3 6.6 5.9 5.3 53 6.8 4.4 4.5 8.1
10 9 2.5 371 4.89 402 432 416 435 3.97 3.74 3.96 2.96 2.72
11 9 4.7 3.58 3.72 4.1 4 372  3.63 3.62 3.55 3.85 3.85 3.85
12 10 9.2 8.5 8.8 8 8 6.5 7.9 6.8 6 7.9 8.9 9.2
13 10 573 5.7 4.82 55 528 487 426 44 3.76 4.24 5.29 517
14 10 4.2 4.67 4.17 5.03 3.2 317 293 3.37 3.43 3 3.27 3.34
15 10 7.62 7.98 8.23 773 579 53 51 5.12 4.3 4.9 5.32 4.41
16 10 6 5.2 6 5.9 7.3 7.6 8.5 7.1 6 55 6.2 5.6
17 9 2.5 3.6 4.6 4.3 53 55 4.8 42 4.4 35 2.7 2.3
18 10 6 5.6 6.05 5.8 5.7 53 4.58 45 4.22 4.32 5.35 5.27
19 10 5.39 7.08 6.34 7.39 6.5 723  6.73 7.18 5.84 6.23 6.16 5.86
20 9 5.81 5.24 5.53 6.54 51 6.13 596 6.02 5.99 5.81 5.81 5.81
21 10 6.87 8.4 7.5 857 7.07 867 833 8.23 8.3 7.27 7.8 7.6

Table 9. Results obtained after extrapolation to 10 meters.

January February March  April May  June July  August September October November December

1 51 5.8 6.1 6.5 5.2 4.8 4.5 43 4.2 4.18 49 51
2 3.88 4.39 3.98 4.6 4.29 3.98 3.06 3.57 3.47 4.39 3.37 3.88
3 5.64 5.64 6 5.6 54 4.4 5.2 5.6 4.4 5.64 5.64 5.64
4 6 6.9 5.8 7.6 7.9 8.9 9.6 9.4 7 6.2 6.7 5.7
5 7.56 7.65 7.7 8.72 9.33 10.3 10.8 9.5 8.67 7.31 6.89 6.36
6 4.8 4.09 5.82 4.6 511 5 4.39 4.7 4.7 3.57 5.41 4.39
7 5.93 5.35 5.65 6.68 521 6.26 6.09 6.15 6.12 5.93 5.93 5.93
8 10.6 11.9 9.92 10.4 8.58 11.2 11.2 10.6 10.7 8.37 111 9.8
9 4.8 4.6 6.23 6.43 6.74 6.03 541 541 6.94 4.49 4.6 8.27
10 2.55 3.79 4.99 411 441 4.25 4.44 4.05 3.82 4.04 3.02 2.78
11 4.8 3.66 3.8 4.19 4.09 3.8 3.71 3.7 3.63 3.93 3.93 3.93
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Continued
12 9.2 8.5 8.8 8 8 6.5 7.9 6.8 6 7.9 8.9 9.2
13 5.73 5.7 4.82 55 5.28 4.87 4.26 4.4 3.76 4.24 5.29 5.17
14 4.2 4,67 417 5.03 3.2 3.17 2.93 3.37 3.43 3 3.27 3.34
15 7.62 7.98 8.23 7.73 5.79 5.3 5.1 5.12 43 4.9 5.32 4.41
16 6 52 6 59 7.3 7.6 85 7.1 6 55 6.2 5.6
17 2.55 3.68 47 439 5.41 5.62 49 4.29 4.49 357 2.76 2.35
18 6 5.6 6.05 5.8 5.7 5.3 458 45 4.22 432 5.35 5.27
19 5.39 7.08 6.34 7.39 6.5 7.23 6.73 7.18 5.84 6.23 6.16 5.86
20 6.3 6.54 6.46 7.05 6.1 6.67 7.38 6.57 6.51 6.4 7.18 7.73
21 6.87 8.4 75 8.57 7.07 8.67 8.33 8.23 8.3 7.27 7.8 7.6

Table 10. Wind speed Results obtained by the ANN at a height of 10 m.

January February March April  May June July August September October November December

Wind speed (V)

(m/s) 491 5.43 4.06 596 499 553 536 5.49 5.56 4.57 521 4.53

Table 11. Extrapolated wind speed Results obtained by the ANN at a height 20, 30, 40 m.

January  February March  April May June July  August September October November December

V2o 5.64 6.24 4.66 6.85 5.73 6.35 6.16 6.31 6.39 5.25 5.98 52
V3o 6.12 6.76 5.06 7.42 6.22 6.89 6.68 6.84 6.93 5.69 6.49 5.64
Vo 6.48 7.16 5.36 7.86 6.58 7.3 7.07 7.24 7.34 6.03 6.87 5.98

extrapolated data at different heights (20, 30, 40 m), Table 11 summarizes the results, Figure 10 displays the
wind velocity prediction for the four different heights.

In this part we obtained the wind speed data in a region where it was impossible to get wind speed records.
The artificial neural network used has proven its reliability in predicting wind speed for the site of Boujdour.
This approach allowed us to get the missing wind data, which is the most important parameter in our decision
support system for optimal choice of wind turbine, when obtained; the process of assessing wind potential in
order to install the right technology can be continued using the same procedure.

6. Conclusions

In this study, we have modeled and evaluated the available wind energy per year in many Moroccan sites. To
achieve this objective, we have modeled the wind speed data using the Weibull probability density function and
determined values for both the shape and scale parameters, in order to estimate wind energy potentials for the
each studied location. Those parameters were extrapolated at a same height to assess the available wind potential
in these sites.

Thus, we can classify the studied areas into three categories: the greatest wind potential regions, the medium
potential regions, and the lowest potential regions, like the ENSET Mohammedia station, where the average
wind speed and the available energy do not exceed respectively 2.61 (m/s) and 420.3 (KWh/m?).

Through this study, we could choose the appropriate wind turbine for each site. Medium wind potential
regions like Moulay Bousselham (Kenitra), and salouane (Nador) are not suited for the installation of big tur-
bines but can accommodate wind turbine not exceeding 400 KW.

Sites of Al Koudia Al Baida (Tetouan) Sendouk (Tanger), Cap Sim (Essaouira) and Col de Touahar (Taza)

@
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have very substantial wind resources with an average annual wind speeds between 8 and 11 (m/s). The energy
that can be produced in these sites using the V80-2MW wind turbine model is between 9935.36 and 13354.7
MWh, which makes them more suited for the installation of wind farms for electricity production connected to
the national grid. This study has also shown that when wind speed data are not available in regions like Bouj-
dour, the use of an artificial neural network designed to predict wind speed records can be a very reliable fore-
casting tool.

In terms of perspectives our prime objective is to propose effective methods to forecast wind speed in real
time. This very important wind-related engineering topic is crucial in the right management of a wind farm.
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