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Abstract

Harnessing the wind resource requires technical development and theoretical understanding to
implement reliable predicting toolkits to assess wind potential and its economic viability.
Comprehensive toolkits, like RETScreen®, have become very popular, allowing users to
perform rapid and comprehensive pre-feasibility and feasibility studies of wind projects among
other clean energy resources. In the assessment of wind potential, RETScreen® uses the annual
average wind speed and a statistical distribution to account for the month-to-month variations,
as opposed to hourly- or monthly-average data sets used in other toolkits. This paper compares
the predictive capability of the wind model in RETScreen® with the effective production of
wind farms located in the region of Ontario, Canada, to determine which factors affect the
quality of these predictions and therefore, to understand what aspects of the model may be
improved. The influence of distance between wind farms and measuring stations, statistical
distribution shape factor, wind shear exponent, annual average wind speed, temperature and
atmospheric pressure on the predictions is assessed. Based on the results, a maximum distance
radius of 30km from the measuring station to the project site is recommended when using
RETScreen toolkit. The wind shear exponent came off as the second most influential parameter
after the annual average wind speed in terms of the prediction of accurate Power Generation. It
was found that the former must be carefully chosen to match the type of terrain in order to
achieve up to a 4-9% improvement in the current prediction capability of the software.

Index Terms—RETScreen® Software, Wind power generation models, Wind shear exponent.
Introduction currently replacing a portion of the fossil-
based power generation in many parts of

The need of new and cleaner sources of the world. Among the clean energy

energy to replace conventional energies
has been increasing over the years. Clean
energy generation involves non-polluting
sources or sources that have minimal
negative effects on the environment, and is

technologies, wind energy power is one of
the fastest growing in the global market, as
Letcher (2008)points out in his book. The
wind resource is a clean and renewable
source found around the world for power
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generation, but it also represents a highly
variable source of energy due to
intermittency, climate variations, and other
influential factors.

Along the years, different studies have been
carried out to learn more about the
behavior of the wind resource in order to
determine the profitability and the
performance of a projected wind power
plant. Among these studies, it is worth to
mention the work by Alawaji et al.(1996),
who assessed the potential of the wind
resources in Saudi Arabia. Alawaji et al,
collected data from five monitoring
stations and the wind direction, wind speed
frequency distribution, mean wind speed
and daily diurnal variation were calculated.
Another example is presented by Zhou
(2011)who assessed the wind resource in
Juangsu, coastal province of China, with
data from measuring stations and the help
of aGeographic Information System (GIS)
software for choosing possible places for
installing wind turbines and determining
array characteristics.

While the prices of oil and other
conventional energies are on rise, the
efforts to develop tools capable of
predicting the wind resources and
electrical production of a plant increase.
The constant development and
improvement of these tools allow the
engineer to make more precise predictions
and the reduction of uncertainty, which
translates in better planning and utilization
of wind resources.

In the investigation performed by Himria
(2007), data from three measuring stations
was employed to simulate a wind farm in
each site using the RETScreen® software in
order to carry out a prefeasibility study and
obtain the appropriate conditions to install
a wind power project. The work by Himria
constitutes an example about how software
could improve the wind resource
assessment process.

In this paper, the prediction of electricity
generation from wind resources using
RETScreen® software (Clean Energy
Project Analysis Software) is studied to
determine the influence of different factors

on the modeling of wind projects and to
compare the energy production predicted
by the software with the actual energy
produced in operating wind farms.
Establishing the influence of factors that
affect the amount of electricity generated
will ultimately permit to improve models
and estimate the wind resource potential
more accurately, and thus, accomplish a
more reliable prediction of the economic
outcome.

As summarized by the organization Cities
Development Initiative for Asia (CDIA,
2011) pre-feasibility studies are carried
out within a short time, in which different
areas, such as the technical phases, the
project development, risk analysis and
financial feasibility must be covered if
possible. In this stage the available data is
often offered by local stations and public
information, both of which are employed to
model future projects with appropriate
assumptions. After finishing this initial
phase, a more detailed feasibility study is
expected to follow it. The expected
uncertainty level of a pre-feasibility study
is approximately 20%, as compared with
feasibility studies for which up to 10%
differences are expected (CDIA, 2011). In
wind energy generation projects, it is
recommended to perform on site
measurements at the selected place for the
wind farm and to collect the necessary data
for at least one or two years as it is
mentioned by the Windustry (2014) and
The New York State Energy Research and
Development Authority (NYSERDA)
(2010) .

RETScreen® is a free-to-use software
based on MS-Excel, funded by the Canadian
government, but it is not offered as an open
source program; therefore, the user may
select the parameters and their values,
with possibility of programming add-on
functionality, but without access to the
source code.

The prediction of energy produced by wind
farms is usually carried out through the
estimation of power generation and
potential losses. Several probabilistic and
mathematical models have been developed
to estimate the wind resource. These
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include different methods for calculating
the Weibull distribution and shape factor,
typically used to represent the wind
resource frequency distribution in a given
location as Pérez (2008)exposes in his
work.

Among the aspects that influence the
modeling of wind projects in RETScreen®,
the Hellman exponent is one of the most
relevant. The Hellman exponential law
determines how the wind speed varies
with respect to height and terrain
roughness. Range of values for the Hellman
exponent, named also “wind shear
exponent’, according to terrain type, are
available in different sources, as for
example in Diaz’ work (1993).

Previous statistical studies of the wind
resource in nine wind farms located in
Ontario, Canada, have been carried out to
determine correlations between wind
resources and operational parameters. The
work  of  El-Mazariki (2011) has
demonstrated the relevance of statistical
methods to determine the influence of
different factors on the modeling of wind
energy (El-Mazariky, 2011). In the present
work, twelve wind farms located also in
Ontario, Canada were modeled using
RETScreen® software and results were
compared to actual measurements.

Wind Energy Production in Ontario

Currently, there is a large number of
countries with a growing wind generation
capacity. In fact, according to the Canadian
Wind Energy Association (2013), Canada
has a wind energy production of
approximately 6.5GW, which supplies
around 560,000 homes and is equivalent to
3% of the total electricity production of the
country. Data from the publication Power
to Ontario (2013)suggests that the
province of Ontario in Canada is one of the
main producers of wind-based electricity in
the country, with fifteen wind farms in
operation and approximately 1.5 GW of
installed capacity connected to the grid by
2012.

In-depth knowledge of available wind
resources in a specific area is critical for

corporate investors to determine if a
project is profitable in that region. Wind
speed is the most important factor in the
prediction of energy production by a wind
farm. However, there are other factors of
considerable importance.

Twelve wind farms located in Ontario were
modeled using RETScreen®. The results
obtained are compared with experimental
data from the aforementioned wind farms.
The main objective of this study is two-
folded in determining key parameters
associated to the software prediction
capability and thereafter, developing a
complementary modeling criteria to
enhance the use of it.

Influential Factors on Wind Assessment
Prediction Using RETScreen®

In this section, the influence of the distance
from meteorological station to wind farm,
and topography when using RETScreen®
software is studied in order to assess their
effect on the predictive ability of the
software.

The energy production of 12 wind farms
located in the region of Ontario was taken
into consideration. Data available in the
publication Power to Ontario (2013)
starting on March 1st-2006, was used.
Table 1 shows the starting date of
operation for each wind farm considered.

Distance between Measuring Station
and Production Site on Model Prediction

Three or four measuring stations for each
wind farm were selected. The first station
is the closest one to the given site, while the
rest were chosen to cover a radius of
approximately 130 km around the site.
Table 2 presents the distance between each
wind farm and its corresponding closest
and farthest stations. The stations and the
distances were selected from RETScreen®
Plus version, which has direct access to
NASA data of meteorological stations. For
this study, only ground monitoring stations
were selected. The average wind speed
measurements correspond to a height of 10
meters above ground, standard parameter
according to (EPA, 1987), and (WMO,
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1983). Table 3 shows the number and type
of turbines associated to each of the
studied wind farms according to Ontario

Power authority (2014).

Table 1: Start Date of Operation of Wind Power Plants in Ontario, Canada

Wind farm  Month-year
Wolfe Island may-09
Underwoods nov-08
Spence dic-10
Ripley South dic-07
Prince Farm sep-06
Port Burwell may-06
Port Almall dic-10
Port Alma oct-08
Kingsbridge mar-06
Gosfield Jan-11
Dillon Jan-11
Amaranth nov-06

Table 2: Distance between Measuring Stations and Wind Farm

Wind farm Nearest Farthest
station [km] station [km]

Wolfe Island 18 72

Underwood 36 96

Spence 21 83

Ripley South 35 104

Prince Farm 11 130

Port Burwell 49 100

Port Alma II,

Por Alma 29 86

Kingsbridge 18 102

Gosfield 24 94

Dillon 27 99

Amaranth 32 93
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Table 3: Turbines in the 12 Wind Farms

Wind Farm Icr;S;:lclii; MW] Turbines E;ll]b Height
Wolfe Island 197.8 86 Turbines Siemens 2.3 MW 80
Underwoods 181.5 110 Turbines VESTAS V82-1.65MW 78
Spence 98.9 43 Turbines Siemens SWT-2.3MW 80
Riplay South 76 38 Turbines ENERCON-2MW Gmblt E82 79
Prince Farm 99 126 Turbines GE 1.5 SLE 80
Port Burwell 99 66 Turbines GE 1.5 SLE 80
Port Almall 101.2 44 Turbines Siemens 2.3 MW MKk II 80
Port Alma 101.2 44 Turbines Siemens 2.3 MW Mk II 80
Kingsbridge 39.6 22 Turbines VESTAS V80. 1.8MW 78
Gosfield 50.6 22 Turbines Siemens 2.3 MW 80
Dillon 78 52 Turbines GE 1.5MW 80
Amaranth 132 88 Turbines GE 1.5MW SLE 80

Thereafter, the electricity production was
modeled for each wind farm with the
information provided by the selected
meteorological stations surrounding it.
These results were compared with the
measured energy production. The quality
of the prediction was studied as a function
of the distance between the wind farm and
each of the measuring stations associated
to it. This study was carried out for all
twelve selected wind farms.

Default values were chosen for the wind
shear exponent (0.14) and shape factor
(k=2) in the software. The software
database provides a 10-year average wind
velocity for each measuring station to be
used in the calculations. In our model, we
considered the following losses: array
losses (1%), airfoil losses (1%) and
miscellaneous losses (2%). The availability
was considered as 98%.

Results include annual energy production
for the model according to the studied
wind farm, which will be called hereafter,
predicted energy and will be compared
with the measured production of the wind
farm for a determined year (according to
the starting date of operation of the plant).

The results, as expected, show the smallest
deviation between electricity predicted and
measured production when the closest
station to the wind farm is used. These

results stand for nine of the twelve studied
wind farms. In four of these nine wind
farms (Wolfe Island, Underwood, Amaranth
and Dillon) the quality of prediction
decreases as distance between the
measuring stations and the corresponding
wind farm increases. This is not the case
for the other five stations (Kingsbridge,
Port Alma I, Port Alma II, Ripley South and
Spence) of these nine wind farms, which
show an erratic behavior farther from the
closest station.

The other three wind farms (Gosfield, Port
Burwell and Prince Farm) of the total
twelve present the lowest differences
between predictions and measurements for
stations located farther from the wind farm
than for the closest measuring station. This
could be for two possible reasons; the first
one is a high variability in the wind speed
in the closest measuring station, which
could affect the quality of the prediction
when this data is employed. To test this
hypothesis, the variability of the wind
speed was quantified using the standard
deviation for the closest measuring station
of all twelve wind farms. However, a
significant trend could not be identified.
The second possibility would be that the
measuring stations with lowest differences,
which are farthest to the wind farm, just by
chance, have a Dbetter match with
climatologic conditions found in the wind
farm, but not due to a real correlation. As
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shown in Table 4, the farther stations are at
least 70km away from the wind farm and
quality of the prediction could be erratic.
This is supported by the fact that 9 out of
12 wind farms present high differences
when the farthest wind farm is considered.
For brevity, a representative sample of the
obtained results is shown in Table 4with
five studied wind farms of the total twelve.

Table 5 shows the differences found
between electricity productions and
predicted for stations located at 30 km or
less from each of the 12 considered wind
farms. The maximum difference is 23%,
while the minimum is 7%. These errors
give a reference about how far a
measurement station could be located in
order to perform a pre-feasibility study and
the level of uncertainty associated with the
distance.

Although several measuring stations with
different characteristics were studied,
some similarities and common trends
between them were found, which suggests
that the conclusions of this study could be
extended to other stations. Nevertheless, it
is recommended to increase the number of
studied wind farms in a future work in
order to decrease the uncertainty level. For
this particular set of wind farms, results
demonstrate acceptable differences when
data from a weather station within 30 km
to the wind farm is taken. If no measuring
stations at less than 30km are available, it
is recommended to pay special attention
when selecting the closest station as this
choice may lead to unacceptable
uncertainties. From here on, the closest
station to the wind farm was employed to
model the wind farms in RETScreen® V.4.

Table 4: Differences between Measured and Predicted Production of Electricity
according to Wind Farm-Station Distance

Measured Predicte

Wind Farm ][)kils;;mce Energy d Energy ][)oigerences
[MWh] [MWh]
18 547013 11.83
Wolfe Island 51 489108 197130 59.7
72 811817 65.98
21 154115 1391
Spence 69 179021 129453 27.69
83 272150  52.02
90 148774 16.9
11 345542 20.14
Prince Farm 78 432582 464418 7.36
130 574389 32.78
18 95547 7.36
Kingsbridge 76 103142 55334 46.35
93 59175 42.62
102 71778 30.41
24 111565 22.82
Gosfield 35 144549 280860 94.3
70 118274 18.18
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Table 5: Differences between Predicted and Measured Electricity Production in a Radius
of 30 Km from the Wind Farm

Wind farm x:;il:lrmg \?vliilt(?lfl::m ﬁ){m;he Differences [%]
Prince Sault Ste. Marie 20.14
Airport

Wolfe Island Kingston 18 11.83
Kingsbridge Goderich 18 7.36

Spence Erieau 21 13.91
Gosfield Belle River 24 22.82
Dillon Erieau 27 10.91
Port Alma II Erieau 29 13.16
Port Alma Erieau 29 8.55

Influence of Topography on the Quality
of Prediction

Since all 12 wind farms have different
surrounding topographies, the next step
was to include this variable to find out its
influence in these observed levels of error.
According to fundamentals of topography
exposed in Gonzalez (2012), the terrain
surface may be classified as: plain, plateau,
valley, foothill or mountain to describe the
natural form, relief and landscape of a
region.

To determine the influence of topography
on the results, another study was
addressed within a radius of 30 km of the
wind farm. Nevertheless, despite the fact
that all the wind farms and weather
stations in this study have different
topographies, the data available seemed
insufficient to determine a correlation
among electricity predicted production and
only the distance and topography.
Therefore, a more complete set of input
variables was considered in the next

sections.

Variations of Parameters in
RETScreen® v.4 Modeling

In this section, the variation of the

prediction accuracy as a result of varying
the shape factor, wind shear exponent and
the method of calculation of the average of
velocity as input parameters was assessed.
All twelve regions were considered in the
analysis.

For this study, the average of the velocity
was calculated by two methods. The first
method employs Eq. (1) and data from
NASA ground stations. In order to select
meaningful, but uniform data among the
different wind farms, a 5 years period was
chosen for this calculation method, which
corresponds to the statistic mode of the
wind farms’ operation time. Equation 1
shows a proposal of average velocity
according to Matthew (2006)who suggests
that in the wind energy calculations, the
average of velocity should be carried out
according to its intervention in the power
calculation. For this reason the average
involving the velocity raised to the third
power is used as one of the calculation

methods:
1

) 1
Vo = GEE VD (1)

here V is wind velocity and n is the number
of hourly points read in a given station
throughout the 5-year period.

The second method is the 10-year average
velocity provided by the software with data
from the same ground stations. Differences
between the results from these methods
are expected due to the quantity of years
taken into account and the different
expressions to calculate the average
velocity. Both methods will be compared to
determine which is more appropriate.
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The shape factor permits to figure the
distribution of wind speed along the year
based on data for given period of time (5
years in this case) and its corresponding
average velocity. This factor is obtained by
two methods: the graphic method by
Weibull distribution and the standard
deviation method; both methods use the
average velocity calculated through Eq. (1).
These values were compared with the
recommended-default value of the
software, which is a shape factor = 2.

The type of terrain refers to the roughness
of the terrain, i.e., the resistance to airflow
due to the presence of obstacles, which
modify the wind profile such as grass,
buildings and trees. The roughness of the
terrain is represented by the wind shear
exponent and it is different to the
topography, which is related to natural
formations such as mountains and valleys
in a region.

The free application Google Earth provides
information about geographical
coordinates, height above sea level of the
studied wind farms location and pictures of
the studied terrain. Once the wind farms
are located in the application, the height
above the sea level was studied in a radius
of 40km and using images of each wind
farm area, the type of terrain of the wind
farm was visually determined.

Finally, the wind shear exponent was
chosen based on these observations and on
the classification according to terrain type
available in Diaz’ work(1993).Figure 1
shows an example of three wind farms and
the type of terrain associated to each
picture, and Table 6shows the selected
parameters for each wind farm.
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(a) Satellite view (b.1) Ground View (b.2) Ground view
(Google Earth, 2010) (Google Earth, 2013a) (Google Earth, 2013b)

Wolfe Island wind farm. Plain with ice or grass.

A

(a) Satellite view
(b) Ground View (Google Earth, 2012a)
(Google Earth, 2006)

Prince Farm wind farm. Rural area.

(a) Satellite view (b.1) Ground View (b.2) Ground view
(Google Earth, 2011) (Google Earth, 2012b) (Google Earth, 2012c)
Port Alma y Port Alma II wind farms. Slightly rugged terrain.

Figure 1: WolfIsland, Prince Farm, Port Alma and Port Alma II Satellite View and Ground
View by Google Earth

Maria N. Romero and Luis R. Rojas-Solérzano (2014), International Journal of Renewable Energy &
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Table 6: Matrix of Inputk, Vi, and a

Shape factor .
Mean wind ,..
Wind F ok Speed Wind Shear Exponent
mararm g Graphic pee Type of terrain [a]
method Stal}dérd Vim[m/s]
deviation
Wolfe Island  2.68 279 391 Plain with ice or grass [0.10-
: : : 0.12]
Underwoods 2.14 598 6.3 Slightly rugged terrain [0.13-
' ' ' 0.16]
Spence 2.25 2.34 5.95 Rural area [0.2]
. Slightly rugged terrain [0.13-
Riplay South 2.33 2.41 5.61 0.16]
Prince Farm 2.65 2.82 4.01 Rural area [0.2]
Port Burwell 2.31 2.4 5.39 Rural area [0.2]
Port Almall 2.35 244 595 Slightly rugged terrain [0.13-
: : : 0.16]
Port Alma 235 2 44 595 Slightly rugged terrain [0.13-
' ' ' 0.16]
: : Slightly rugged terrain [0.13-
Kingsbridge 2.16 2.41 5.61 0.16]
Gosfield 2.35 2.44 5.52 Rural area [0.2]
Dillon 298 234 595 Slightly rugged terrain [0.13-
' ' ' 0.16]
Amaranth 2.28 2.35 5.13 Very hilly terrain [0.20-0.26]

The modeling factors were evaluated as
follows: firstly, the recommended values of
the software were chosen; this condition is
called base case. Afterwards, proposed
cases were generated by modifying the
base case, changing only one of the studied
parameters at a time, while keeping the
rest of the parameters at their default
values. An example of the input variable
settings in Port Alma wind farm is shown in
table 7.

Table 7 shows the difference between the
predicted energy obtained by the variation
of the parameters, and the measured
energy in the wind farm for three
consecutive years (from the starting date of
operation of the wind farm up to the latest
available data). Thus, it is possible to
observe how the variation of these
parameters affects the quality of the
prediction and if the observed results are
independent of the selected year.

The differences between the measured and
predicted electricity generation are

represented in [%]. If the percentage is
positive, it means that the production in the
wind farm was higher than the predicted
production and vice versa.

This process was carried out for the twelve
wind farms and it was found that, for the
shape factor input parameter, the best
approximation is the base case k=2.
Nevertheless, the differences between k
taken in the base case and the values
calculated by graphic and standard
deviation methods were less than 5%.

For the calculation of the mean velocity,
when (1) was employed, the differences
increased more than 20% in comparison
with the base case (average provided by

the software). The latter is then
recommended instead of the initially
proposed expression. The software

provides an average velocity with ten-year
hourly measurements, allowing it a better
understanding of the meteorological
conditions in a specific location.
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For the wind shear exponent, it was found
that the results could certainly improve
(about 3% in this case) according to the
proper consideration of type of terrain. The
next section contains a more detailed study
about this factor and its influence on
predictions.

According to the study, after varying the
three selected parameters, the prediction
of electricity generation in ten out of the
twelve wind farms maintain the same
trend: the results improve with the
selection of an adequate wind shear
exponent according to the type of terrain.
However, for the other two parameters,
shape factor and average wind velocity, the
best results were found employing the
values recommended-defaulted by the
software (the base case).

Nonetheless, the remainder two wind
farms, Amaranth and Port Burwell, had

high differences respect to their respective
measured energy. In Amaranth, for the
base case, the predicted energy differs
more than 50% from the measurements,
while the proposed case was off by 20%,
which means that predictions with the
default parameters (base case) and those
set in our proposed case were quite
inaccurate for a prefeasibility study in this
wind farm; this is a possible consequence
of the very hilly type of terrain. Port
Burwell wind farm was dismissed since the
average wind speed (10 years average) in
the closest measuring station is 2.7 m/s,
which is lower than the wind turbine cut-in
speed. This means that just a tiny fraction
of time will be useful for electricity
production according to the shape factor
used, and hence, the energy predicted by
the software would be almost null.

Table 7: Base Case and Parameters Variation for the Port Alma Wind Farm

Measurement | Port Alma Shape Factor [-] Wind shear exponent[-] Vm[m/s
station: ]
Erieau 2(Base ;35 244 012 015 02 5.95
case)
MWh
redicted
Year 276752 273604 272353 | 256397 287251 341421 | 396232
MWh
Measured

1 311524 11% 12% 13% 18% 8% -10% -27%

2 302638 9% 10% 10% 15% 5% -13% -31%

3 296006 7% 8% 8% 13% 3% -15% -34%

Wind Shear Exponent Range Analysis

The proposed cases where the wind shear
exponent was modified according to the
observed type of terrain show smaller
differences with the measured data than
found in the base case. The proposed case
using a wind shear exponent different to
a=0,14 (default value) can improve the
quality of the results in some cases. To
assess this improvement, the following
procedure was followed: after selecting the
wind shear exponent range for each region,
the energy production was predicted
changing only this parameter and using the
suitable values of wind shear exponent per
region.

The results for all of the modeled regions
were similar. Two regions with different
types of terrain are shown in tables 7 and 8
(Prince Farm and Port Alma,
respectively).In both tables, it is possible to
observe the differences in the quality of
prediction between the base and proposed
cases, where the boundaries of the selected
range of the wind shear exponent are
evaluated. Results are shown for 5
consecutive years for Prince Farm and for
three consecutive years for Port Alma in
order to corroborate that the model
provides similar quality of prediction,
irrespective of the studied year.
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Prince Farm (see Table 8) corresponds to a
rural area, with a wind shear exponent
ranging in the interval a=[0.17-0.20]. The
base case was compared with the proposed
cases and a reduction in the error of the
results was found using the boundaries of
the selected range. For the base case, the
maximum difference found was 28% and
the lowest was 20%, while for the

boundaries of the range, differences were
lower. For a=0.17 the maximum difference
between  predicted and measured
electricity production was 16%, while for
o=0.2 the maximum difference was 6%,
even less than the minimum difference in
base case

Table 8: Wind Shear Exponent Analysis for Prince Farm

Measuring Prince Farm Base case Wind Shear

station: St. Ste =014 Exponent

Marie Airport e a=0.17 a=0.2

MWh
Predicted
Year MWh 345452 400686 458842
Measured

1 478183 28% 16% 4%
2 456108 24% 12% -1%
3 432594 20% 7% -6%
4 454556 24% 12% -1%
5 433244 20% 8% -6%

For a slightly rugged terrain, an example
using Port Alma wind farm is shown in
Table 9. The wind shear parameter ranges
from a=0.13 to 0.16 (passing by 0.14,
which corresponds to the base case). Using
a=0.13 the difference between prediction
and measurement shows a slight increase
of 3 percentage points respect to the base
case, whilst using a=0.16 it led to the
lowest difference of 1percentage points.
For a=0.15 the difference was 3percentage
points lower than for the base case.

After completing this study for all the
regions, it was found that for slightly
rugged terrain, it is possible to use a=0.15

as a default approximation instead a=0.14,
which is the value used in the base case.
The results improved at least 3 percentage
points in the worst case scenario. This
trend is the same for all six regions with
this type of terrain. The results for rural
areas show that it is possible to increase
the quality of the predictions at least 4%,
while for plain areas, such as Wolfe Island,
an improvement of 9% was found when
using o=[0.10-0.12], with respect to the
base case. Selecting the correct value of a in
a given region could reduce appreciably the
difference between the measured and
predicted electricity generation, especially
in rural and plain areas.
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Table 9: Wind Shear Exponent Analysis for Port Alma

. Port Alma Wind Shear
Measuring Base case
station Erieau a=0.14 Exponent
a=0.13 a=0.15 «a=0.16
MWh
Year Wh redicted | 576752 266469 257251 297971
Measured
1 311524 11% 14% 8% 4%
2 302638 9% 12% 5% 2%
3 296006 7% 10% 3% -1%

Study of Variations of Meteorological
Conditions

The variation in the prediction of electricity
production was also scrutinized when
actual weather conditions of one specific
year, such as pressure, temperature, wind
speed, and humidity are employed instead
of selecting the 10-year average value
suggested by the software by default. Only
in this part of the study the predicted
energy is calculated with data from one
year of weather measurements. The
predicted energy is compared with the
actual energy production. This analysis is
not reported in this paper, but is included
in the thesis that supports this
investigation (Romero Vergara,
2012).Considering that available data is
from the nearest measuring station, which
has a distance to the studied wind farm, it
was demonstrated that climatic conditions
measured during one specific year in a
determined measuring station do not
describe the climate of a specific region,
while an average of 10 years does provide a
better approximation of the typical
conditions of an area where the wind farm
is located.

Analysis of Variance for Non-
Meteorological Factors

ANOVA (Analysis of Variance) was also
employed to further determine the
correlation between the topography and
type of terrain with the electricity
prediction by the software. In this part, we
also added the brand name of the turbine
as an extra parameter, since the software
provides a handy set of brands and models
with their manufacturer power curves.

The null hypothesis is the position that
there is no relationship between two
measured phenomena. The objective of
ANOVA is to evaluate the truthfulness of
the null hypothesis through the study of the
variance between groups, i.e., to determine
if the observed phenomena or variables are
related. In order to do so, two parameters
are compared: the significance level and
the P-value. As explained by Montgomery
et al.,(2007) the former is the probability of
mistakenly rejecting the null hypothesis
and typically a value of 0.05 is used. The
latter is a parameter associated to each
independent variable considered and it
represents the  variable’s  smallest
significance level. If the P-value is lower
than 0.05 for a given variable, a 95%
probability of it being correlated to the
dependent variable exists. The smaller the
P-value is, the more convincing the
evidence is against the null hypothesis. In
this case, the dependent variable is the
daily electricity production per wind farm
and the independent variables are the
brand of the turbine, the topography and
the type of terrain. The result of the ANOVA
is shown in Table 10.

The study shows a P-value between 0.06-
0.13 for all independent variables, which
means that they do not have strong
influence on the wind generation model.
This is understandable because, it is not
possible to define a model with these three
parameters alone, although some of them
have a P-value near 0.05. Results from
ANOVA show the order of influence: first
the topography, then the type of terrain
and at last the brand of turbine. This means
that the selection of these factors may
contribute to the quality of the model, but
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their influence may be negligible on the
prediction. Using a larger sample of wind

farms is recommended for confirming this
trend for other regions.

Table 10: ANOVA

Influence Degrees Degrees
Factor Sum. Square freedom freedom F P-value
Brand 29570.4 3 3 678  0.1312
Turbine
Topography 44595 2 2 15.34 0.0612
Type of 189382 2 2 9.95  0.0913
Terrain
Error 2907.8 2 2
Total 209949.2 11 11
Conclusions better understanding of the weather

A thorough analysis of the influence of
physical parameters such as: distance
between ground measurement stations and
each wind farm, terrain roughness and
topography, wind resource shape factor,
turbine brand and weather conditions for a
specific year on the prediction of electricity
given by RETScreen® software was
performed. The results have shown that the
distance has a strong influence on the
quality of the software model prediction. It
is recommended that, for prefeasibility
analysis, the source of the wind data should
be taken from weather stations not farther
than 30km from the wind farm. Typical
differences between prediction and actual
measurements of electricity generation for
distances lower than 30km were between
7%-23%.

The shape factor led to consistently better
predictions of electricity generation when
taken as k = 2 from the Rayleigh
distribution. Use of alternative methods to
determine k from the available wind data
did not prove to be better than using the
default value in these regions. The
differences between these methods were
around 5% in favor of using the default k.

In the evaluation of the wind speed, it was
concluded that wusing the average
measurement at the closest station
calculated by the software offers better
results than the average of the calculated
cube of the speed. The software provides a
10 years average wind speed, which gives a

condition of an area.

A precise selection of the wind shear
exponent according to type of terrain may
reduce disparities in at least 4 percentage
points for rural areas and 9% for smooth
terrains. For slightly rugged terrain, it was
found that it is possible to use the
recommended exponent (a = 0.14) to
obtain an acceptable prediction. However,
using a wind shear exponent of a= 0.15, led
to an improvement of 3 percentage points
with respect to the base case (a =
0.14).This result remains constant for the
six regions with this type of terrain;
therefore, it is recommended to use the
value of a= 0.15 instead of the base case
value and increase the number of regions
with repeated type of terrain to be studied
in order to reduce the natural uncertainty
of this statistical estimation.

To reduce uncertainty in the use of the
wind shear exponent, it is recommended to
add a tool to RETScreen ® software that
allows it to determine or let the user
determine, the most appropriate condition
for the variable “type of terrain”. Such a
tool might be Google Earth or similar
software.

Finally, the ANOVA study led to conclude
that topography (P-value=0.0612), type of
terrain  (P-value=0.0913) and turbine
brand (P-value=0.1312) have influence in
the prediction of energy production model
in that order of importance. Although the
P-values are over the significance level
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(0.05), the parameters are considered as
influential since these three parameters
alone cannot be expected to predict the
wind energy production. Other parameters,
but specially the average wind speed, are
essential for a prediction model. A larger
sample of wind farms is highly
recommended to extend this study and
validate or adjust the statistical
correlations obtained, which are limited,
preliminary and until then, to Ontario-
Canada area.
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