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Abstract: Electricity markets throughout the world are adapting to allow the integration of aternative energy
sources, in particular Wind. Countries such as the USA have already reached penetration with wind energy being
integrated into power grids. This development has lead to wind energy producers having to provide forecasts of
expected yield within a given time period. The ability to accurately predict short-term wind speed is to become a
critical requirement for wind energy operators in the UK and Ireland over the coming year, due to new energy
trading regulations. As aresult it is necessary to identify a method by which such forecasts can be accurately and
efficiently produced. Such forecasts have traditionally been compared to the Persistence method of forecasting as
a bench mark for accuracy. This paper examines the statistical approaches of ARIMA, Moving Averages and
compares their performance against both Persistence and a novel Multi-Layered Perceptron which is trained
using the Generalised Delta Rule, demonstrating that such an MLP implementation can demonstrate significantly

improved accuracy over these more traditional statistical approaches.
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1. INTRODUCTION

The past decade has become a very intensive period
for forecasting research and development [Bailey et
al, 1999]. However, it is also clearly demonstrated
that this work is being carried out from the
perspective of the large utility. Whilst this is
acceptable in the Danish, Swedish and American
markets, were the magjority of wind parks are owned
and operated by such organizations, it does not hold
true for the UK and Irish marketplaces where the
majority of wind parks are under the operational
control of smaller organizations, who do not have
sufficient expertise or budgetary ability to pursue
such ambitious projects.

Asaresult it isunusual to find either active research
or application of such forecasting techniques for
direct application to the problem [Waldl and Giebel,
2000]. It is especially rare to find application of the
large scale NWP systems (such as Prediktor, ewind
or WASP), due solely to the cost involved in the
purchase and running of such systems [Giebel et al,
1999]. Consequently literature has show a
significant gap in the existing technology in the UK
and Irdland for a cost efficient, accurate and
undemanding forecasting methodology.

However, as wind energy continues to be integrated
into the power grid in the UK and Ireland, it is likely
that a framework similar to that currently in
operation in the USA will be adopted [Makarov et
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al, 2003]. As a result it is imperative that wind
energy producers and utility companies have a
suitably efficient and accurate method for producing
forecastsin the range of 0 to 12 hours. This does not
preclude the importance of longer term forecasts, in
the region of 13 to 48 hours, however, experience
has shown that time boundaries will eventualy
shrink to the 0-5 hour period as full integration and
energy trading isimplemented.

It has already been shown, that much of the current
focus on forecasting and prediction, over whatever
horizon focuses on NWP (or NPM) systems. The
major disadvantage of these systems is their
complexity and consequent cost, in terms of
financia purchase, training (of the system) and
integration. Indeed current attempts to introduce
such systems to the UK have been less than
successful for well documented reasons.

To meet this requirement of alow cost methodology
which is easily and efficiently adaptable this study
will present an Artificial Neural Network model.
The proposed model’s design will be presented as
will descriptions of training, testing and validation.
It will also be shown that the proposed model
compares favourably with other statistical
approaches for wind speed prediction; by means of
comparison with several well regarded approaches.

It is important to note the boundaries within which
the models' useisintended. It is not within the scope
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of this study to produce a metrological modelling
tool to riva the large scale geographical models
described in the previous chapter. The model
discussed is intended for use in producing accurate
forecasts for individual wind parks in the UK and
Ireland, across arange of horizon windows.

It is also important to note that the mode will
forecast wind speeds rather than energy yield. Much

debate has centred on this issue, however,
investigation into the performance of a Neura
Network to produce accurate power estimations,
failed to produce a suitably accurate model, when
compared to the accuracy achievable through
estimation of wind speed and subsequent
computation of power yield based on the estimated
figure.

2NEURAL NETWORK DESIGN

The model presented in this study is a multi layered
perception model (MLP), more commonly known as
a feed-forward network, and has been trained using
the backpropagation (or generaized delta rule)
method. The foundations of the backpropagation
method for learning in neural networks were laid by
Rumelhart et al [Rumelhart et al, 1986]. The
following sections describe the operational design
on such amodel.

An artificia neural network is constructed of a
number of simple processing units, neurons, which
are grouped in layers. Each layer isidentified by the
index | = 0.....L. Layers 0 and L correspond to the
Input and Output layers, with layers in between
which are called Hidden Layers. Communication
within the network is based on alayer structure with
each neuron interacting only with neurons of
neighbouring layers and not with neurons within the
same layer. Each neuron has an activation value, a,
associated with it and the network processes data by
the exchange of activation levels between
interconnected neurons. Figure 1 presents an
illustration to aid the explanation of network design.

The output value of the i-th neuron within layer | is
signified by x.. It is calculated using, X' = g(&"),
where g() is the monotone increasing function.

The network input of neuroni inlayer | isgiven by:

n(®
o= (S )00 o
j=1

Where w;" is the weighting of neuron j in layer I-
1connected to neuron i in layer |, x is the output

of neuron j in layer I. Hi(') is the bias value which is
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subtracted from the summation of the activated
weightings.

The calculation process of the model begins at the
input layer and terminates at the output layer. Input |
initialises the activation weightings of the neuronsin
the input layers. The activation level one layer is
then passed to the next layer; it is at this point that
the weightings (between the layers) are atered by
the delta rule (backpropagation algorithm). The
model learns (it learns the mappings between the
input and output nodes) by an incremental process of
changing the weightings between the layers, in order
to minimise the variance between the actual and
target (from the training data) values.

2.1 Thelearning process

The learning process can be thought of as two sub
processes. First, a set of data are fed into the input
layer. This activation is then propagated through the
network model to the output layer (via the hidden
layers). The second stage actualy performs the
process which can be considered learning. The
output is compared to the target to assess the
performance of the model. An error vaue is
assigned to each neuron in the output layer, these
error values are then propagated back through the
neurons to the hidden layers. The corresponding
weightings are then dtered in order to reduce the
error for the next pass of the same pattern. It is the
Generalised Delta Rule which is used to perform this
backpropagation process and reduce the weightings
[Njau, 1994].

2.2 Network model design

To predict wind speed a 4 layer model (shown in
Figure 1) was selected, which consisted of an Input
layer 2 hidden layers and an output layer. A number
of different network architectures were tested
including 1, 2, 5 and 7 layer models. A common
engineering approach previously employed by
Kalogirou et al [Kalogirou et al, 1999] (consisting of
5 layers) for wind speed prediction was used as a
benchmark however, the 4 layer design proved to be
the most efficient and accurate, demonstrating a
17% in accuracy when compared to Kalogirou's
approach and 24% increase when compared to a 2
layer architecture.

As with the overal network design a range of
activation functions were tested, these included;
Sigmoid, Gaussian, Hyperbolic Tangent and
Hyperbolic Secant. After analysis it was discovered
that the network operated most efficiently using the
activation functions shown in Table .1.
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Layer | Layer | No.of | Activation
Type | Nodes | Function
1 Input 3 Linear
2 Hidden 2 Sigmoid
3 Hidden 2 Gaussian
4 Output 1 Sigmoid

Table.1. Model Activation Functions

Activation Functions

The sigmoid function acts as an output gate that can
be opened (1) or closed (0). Since the function is
continuous, it also possible for the gate to be
partially opened (i.e. somewhere between 0 and 1).
Models incorporating sigmoid transfer functions
often help generalized learning characteristics and
yield modes with improved accuracy however the
use of sigmoid transfer functions can also lead to
longer training times.

The gaussian transfer function significantly aters
the learning dynamics of a neural network model.
While the sigmoid function acts as a gate (opened,
closed or somewhere in-between) for a neuron’s
output response, the gaussian function acts like a
probabilistic output controller. Like the sigmoid
function, the output response is normalized between
0 and 1, but the gaussian transfer function is more
likely to produce the “in-between state”. 1t would be
far less likely, for example, for the neuron’s output
gate to be fully opened (i.e. an output of 1). Given a
set of inputs to a neuron, the output will normally be
some type of partial response. That is the output gate
will open partially. Gaussian based networks tend to
learn quicker than sigmoid counterparts, but can be
prone to memorization.

Model Data

The input data, comprised wind data values
collected at each test WTG unit. The initia input
consisted of the hourly average wind speed and the
time/date of the records. This allowed the Network
to learn the patterns of wind speeds at different times
of the day, week, month and year. The output of the
network is the wind speed for a target WTG unit
based on the time frame in question.

As the model makes use of the backpropagation
technique it is necessary to have al training targets
normalised between 0 and 1, as the output neuron is
restricted to a signal of only O or 1 values. As a
result al inputs have aso been normalised to the O
to 1 range. It is accepted that by conducting this
normalising process the characteristics of the
training process are enhanced [Mohandes et d,
1998].
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A random inclusion method was also selected for the
training process. In addition the normalisation
process attempted to spread the values throughout
the range (0-1), as it is possible that all normalised
values could fall between a range of 0.1 - 0.2.
Obvioudly spreading these values across a range will
present a more accurate output.

The learning rate for the network was set at 0.01,
obvioudly this selection slowed the speed of learning
by the network, however, when tested with a higher
learn rate (closer to 1) the network began to
experience instabilities. The momentum was also set
a a generally accepted standard of 0.8, changes in
the momentum failed to yield any significant
positive improvements in network performance
[Campbell and Adamson, 2003].

Figure 1 — 4-Layer Network

2.3 Training of the model

Selection of the training data for the model was a
critical concern. The training data should present a
typical dataset from which the model could learn,
and should also provide a sufficiently extensive
repository in order to include an array of wind
conditions.

A 25 WTG (Wind Turbine Generator) park in
County Donegal, Ireland was selected as the test site
for the modelling process. This site was selected as
it is one of the longest operational sites in Ireland
and so provides a large dataset, containing a varied
range of wind conditions. The dataset is collected
centrally at the site and holds information on every
aspect of site operation including performance and
mechanical operation. This study focuses solely on
the wind speed data collected by each WTG unit on
a10-minute interval.

The study focuses on predicting the wind speed
rather than power output. From the dataset a
subsection of data was selected, covering years 1996
to 2001. Data between the years 1996-2000 was
used as the training and testing set for the neural
network. While the data for 2001 was used as the
verification set for the validation of the network
model. Data is collected at ten minute intervals by
each individual WTG, however, the model would
eventually focus on a range of time windows
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(Horizons). As aresult the model was first trained to
produce forecasts for an hourly average and then
assessed for its ability to produce forecasts ranging
from 10-minute intervals to monthly averages.

Tables 2 and 3 show examples of the training data
used to train the model. As can be seen a selection of
WTG units (WTGO01, WTG10) were selected as the
input values, in addition to a period input (month of
year or 10 minute time slot) while WTG20 was used
as the target for the modelling exercise. The use of
units which are dispersed around the park (in terms
of physical location) ensure that a park wide
prediction is achieved.

Year |Month WTG1 WTG10 WTG20
1996 |1 6.9 7.25 6.83
1996 |2 9.1 9.66 9.51
1996 |3 6.98 |75 7.13
1996 |4 7.9 8.05 7.62
1996 |5 722 [1.22 7.22
1996 |6 693 [7.17 6.82
1996 |7 548 [5.48 5.48
1996 |8 534 [542 5.12
1996 |9 6.71  16.83 6.51

1996 |10 845 8.92 8.53
1996 |11 7.65 855 7.76
1996 |12 1142 |11.93 11.71
1997 11 715 |[1.27 6.94

Table 2 — A Sample of training data used

2.4 Network testing

Initialy to test the network both hourly average and
monthly average forecasts were predicted. The
section below gives an example of the performance
based on a monthly average forecast. Shorter term
forecasts will be discussed in subsequent sections of
this paper.

Monthly Predictions
Nine hundred randomly selected wind speeds were

used for training and 300 wind speeds were used for
validation purposes. These are presented in Table 4,
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and shown graphically in Figure 2. As can be seen
the model produced a high level of accuracy in the
prediction of monthly average wind speeds for the
12 months of 2001. The root mean square error
(RMSE error) for the validation set was 0.11078.
The network yielded a correlation of 0.983, and
further demonstrated its ability by vyielding a
maximum percentage error within the vaidation set
of 8%, amaximum error of 0.79.

TIMESLOT | WTG1 | WTG10 | WTG20
1 2.3 2.85 2.37
2 35 3.47 3.35
3 4.1 4.26 4.12
4 44 4.71 4.32
5 4.3 4.64 4.55
6 4.1 4.15 4.27
7 3.9 4.08 411
8 3.6 3.94 4.05
9 2.1 3.17 3.24
10 1.8 2.29 243
11 2 207 214
12 24 222 2.37
13 4.3 3.37 4.09

Table 3 - Sample of 10 min Training Data

This level of accuracy was continued in subseguent
tests based at estimating the monthly speeds for
2002 and 2003. The results shown in Table 4
corresponded to error in rea terms of 0.7 m/s, a
value generally accepted as insignificant in terms of
wind speed and its potential for energy generation, if
we remember that energy yield is based on the cube
of wind speed.

As the output shows, the ANN mode shows
significant ability and accuracy a producing
prediction for the monthly average wind speeds. The
application of the model on other UK and Irish
based sites yielded similar results for monthly
predictions. As a result the model was then selected
for application to shorter term prediction models
with the aim of reproducing the accuracy exhibited
for horizons in the terms of minutes and hours.
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Month 1 2 3 4 5 6 7 8 9 10 11 12

Actual | 711 | 1001 | 761 | 7.83 | 722 | 7.21 | 548 | 548 | 698 | 9.21 | 818 | 11.8

ANN 694 | 108 | 78 | 822|718 | 706 | 522 | 519 | 6.68 | 983 | 89 | 116

Table 4 —Model Output & Actual for 2001 test data

Transfer Functions
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Figure 3 — Predicted monthly wind speeds compared to Actua for 2001
Actual Persistence | ARIMA 1 ARIMA 2 MA ANN
Sot1 2.3 2.3 2.3 2.3 2.3 2.45
Sot 2 35 2.3 2.32 2.89 35 3.37
Sot 3 4.1 2.3 3.66 4.17 33 3.97
Sot4 44 2.3 3.65 391 4 4.35
Sot5 4.3 2.3 4.18 4.15 4.26 431
Sot 6 4.1 2.3 3.82 3.67 4.26 4.27
RMSE - 1.64 0.61 0.37 0.37 0.12

Table 5 — Results for One Hour Time Horizon in 10-minute steps
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3 FORECAST EXPERIMENTATION

Having identified Neural Networks as a viable
forecasting approach for prediction of monthly
average wind speeds it is necessary to assess the
models applicability to shorter horizons. Available
literature shows that a number of statistical methods
have been applied to the problem and so it was
deemed appropriate to uses a selection of these
methodologies for comparative purposes when
attempting to assess the validity of the NN model.

4METHODOLOGIES

This study examines four approaches to short term
wind forecasting; Persistence, ARIMA, Moving
Averages and Artificial Neural Networks. Each
model presented is tested over a number of time
periods (Forecast Horizons) and its performance
compared to that of the Persistence approach. Each
forecast has a RMSE (Root Mean Square Error)
caculated and this figure is used to assess the
accuracy of the model, a RMSE lower than
persistence denotes a higher degree of accuracy.

4.1 Persistence

The most basic method for the short term forecasting
of wind is the Persistence method. Expressed in its
most simple terms this approach states that; “the
persistence forecast assumes that the conditions that
existed at the beginning of the forecast period will
continue or persist through to the end of the
period;” [Box and Jenkins, 1976]. This method is
not only the smplest modelling approach but is also
the most economical to implement, and surprisingly
accurate for short term forecasting, of 1 to 5 hours.
If we consider the time periods involved in short
term forecasting we can see that generally the rate of
change in contributing factors will normally not be
sufficiently rapid to skew the Persistence model to
any great degree. As aresult the performance of any
short term methodology should be measured by the
extent it can improve on the persistence derived
forecasts.

4.2 Box-Jenkins (ARIMA) approach

The ARIMA, Autoregressive Integrated Moving
Average model developed by Box and Jenkins
[Sfetsos, 2000], has a total of 3 components;
autoregressive, integrated and moving average. In
previous studies [Lin and Lee, 1996] the second
component has been ignored, however, as will be
seen in later sections, the inclusion of the integration
component allows a more accurate model to be
developed. An ARIMA(p,d,q), of order p and q, is
represented as:
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p q
V=D 8y + .46 +¢ ?)
i=1 =1

where ¢ are the autoregressive and ¢, the moving

average components and ¢ is a random term. If the
time series is not stationary in nature it can be
differenced d times until achieved.

Two ARIMA models are used in this investigation,
one as described by Sfetsos, which excludes the
differencing component and employs an
ARIMA(2,0,2) approach. The second model makes
use of the differencing component and after testing a
range of possible p,d,q combinations, employs an
architecture of ARIMA(2,1,2).

4.3 Moving average

The moving average technique is one of the simplest
and widely used forecasting methods, originally and
still employed in stock market analysis. The Moving
Average projects values in the forecast period, based
on the average value of the variable over a specific
number of preceding periods. A moving average
provides trend information that a simple average (i.e.
Mean) of al historical data would mask. The
forecast valueis based on the following formula:

1 N
F(t+l) = § ,A—j+l )
N =

where N isthe number of past periods to include in
the Moving Average, A, is the actua value at time

j and F is the forecast value. Following individual

testing of various MA models an N vaue of 3 was
selected for the study.

4.4 Artificial neural network approach

The design and implementation of the Artificial
Neural Network is discussed in section 4.2. The
structure on the network is unchanged for any of the
time horizons, however the period input is changed
from months (as described in section 4.2.3 to 10-
minute time dot identifier for short term forecasts).

However the network was retrained to produce
predictions based on the required time horizons. The
original features which indicated the selection of an
MLP for this study till hold true, namely that an
MLP is more accurate and robust than the simpler
ANN approaches such as Linear Networks
[Ranaweera et al, 1995], and also more economical
to implement than the more complex approaches
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such as, Radial Basis Function networks [Campbell
and Adamson, 2003].

4.5 Forecast horizons

As has previously been identified, there has been a
dua need for forecasting, firstly to satisfy the
integration and trading of power generated by wind
sites, and secondly for the maintenance and
operation of wind sites. Obviously each of these
requirements will have differing forecast horizons. A
trading forecast will be estimating in the 5-12 hour
range, whilst for operation and maintenance the
horizon would typicaly be in the region of 0-2
hours, such a need should not be confused with
major overhaul of units which would require
forecasts in the region of weeks or months.

To satisfy both of these conditions the
methodologies outlined in the previous section will
be compared based on their accuracy over arange of
horizons, namely:

Next hour in 10 minute intervals
Next hour average wind speed
Next 2 hours average wind speed
Next 5 hours average wind speed
Next 12 hours average wind speed

4.6 Forecast results
One hour horizon — 10-minute steps

Table 45 shows the results for each of the
forecasting approaches employed based on a 10-
minute time horizon. The Persistence approach uses
the last value in the historical dataset as does
ARIMA1, ARIMA2 and the Moving Average (MA)
methodology. The ANN was trained using the
original dataset as described earlier in this chapter.
The MA approach is based on an N value of 3, while
ARIMA 1 hasap,d,g of 2,1,2 and ARIMAZ2 has the
corresponding values 2,0,2. The table shows the
accuracy of each approach compared to the actual,
for 1 hour ahead in 10 minute intervals. Such as
forecast is useful to engineers for manual control of
WTG units. Each time dlot represents a 10-minute
period.

As can clearly be seen each methodology with the
exception of the Persistence model shows a high
degree of ability in providing an accurate estimate of
the wind spectra for the next 10 minute period.
However the Multi Layered Perceptron produces the
lowest error with aRMSE of 0.12.

One hour horizon

The table below contains the results for the
application of the methodologies to the new time
horizon of 1 hour. Once again Table 4.6 shows that
the Persistence model dramatically under estimates
the actual wind speeds encountered. This under
estimation would have a much more import role to
play when the actual power contained in the wind is
calculated, if we consider that the power output from
the park is calculated using the cube of the wind
speed [Campbell and Adamson, 2004] we can see
that such an under estimation can have significant
consequences.

It is important to notice that the Multi Layered
Perceptron approach shows an extremely high
degree of accuracy, recording an error of only 0.003.
It should however be noted that the model was
originally developed to produce 1 hour average
forecasts. As a result the accuracy for this horizon
had been expected to be high. It is dso interesting to
note that based on this forecast horizon, ARIMA 1is
out performing ARIMA 2, conforming with and
validating previous studies (discussed in Chapter 3)
which stated that the differencing component had no
effect on the model’s ability to forecast wind speed.
However, it is also most interesting to see that the
oldest and perhaps most simplistic method for
forecasting, the Moving Average Approach, is the
second most accurate method for prediction at this
horizon level.

Actual Persistence ARIMA1 | ARIMA2 | MA ANN
1Hr Ave 3.78 2.3 321 351 3.60 3.76
RMSE - 1.48 0.46 0.26 0.18 | 0.003

Table 6: Results of One Hour Horizon Forecast
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Two hour horizon

At this level of horizon the interested in forecast
accuracy moves away from operational and
mechanical requirements and becomes crucia for
future integration and energy trading. As previously
stated it is unlikely that the UK market will operate
on such small time horizons initialy, however, it is
important for completeness to assess each methods
ability at this level, should the time trading horizon
be reduced at some future point.

Table 7 shows that the Persistence model continues
to perform poorly, when compared the other
methodologies. This fact is important as Persistence
is still considered as the main benchmark for wind
speed prediction up to 4 hours ahead. However, it is
interesting to note that the Persistence error has
reduced significantly for this longer forecast period.
It is also interesting to note that ARIMAL has
outperformed ARIMA2 for the first time in these
tests, suggesting that as the forecast window
increases the differencing term incorporated in
ARIMAZ1 (and excluded from ARIMA?2) becomes a
more important component. The Moving Average
approach continues to show significant modelling
power when applied to the problem of wind speed
modelling. As can be seen it now outperforms the
ANN model and is the most accurate model at
forecasting wind speed.

Five hour horizon

According to literature it is at the point, attempting
to forecast 5 hours ahead, that the methods which
this study is employing (statistical models) should
begin to show signs of failure. As we can see from
the results for this 5 hour horizon, the accuracy of
each of the methods has reduced. However, we can
also clearly see that both the Moving Average and
Neural Network approach still show low levels of
error, 0.25 and 0.29.

The Persistence approach is once again the least
accurate model with a RMSE of 1.43, an increase of
error from the 2 hour forecast, supporting previous
studies findings, which state that the accuracy of
persistence is limited to less than 4 hours of a
horizon. Once again the Moving Average approach
demonstrates that it is the most accurate, showing
the same level of accuracy at producing a2 or 5 hour
forecast.

It is interesting to note that the Moving Average
approach has recorded the same level of accuracy
for the 5 hour horizon as it did for the 2 hour
horizon. We should also notice the performance of
the ARIMA2 methodology which continues to show
a higher degree of accuracy when compared to the
ARIMAZ1 model, reinforcing the conclusion that the
differencing term is critica for longer range
horizons.

The 12 hour horizon

The 12 Hour forecast is the longest horizon forecast
included in this study, and is well outside the
acknowledged boundaries for statistical estimation
of wind speed, as described in literature. As can be
seen from Table 4.7 the Persistence model has
continued its poor performance and unsurprisingly
records its highest error, an RMSE of over 2.3.

Both ARIMA models have decreased significantly
in accuracy at this horizon level, athough the
inclusion of the differencing term (in ARIMAL)
ensures that the forecasting error stays with currently
acceptable levels, at least in terms of commercial
application under (current) UK guidelines.

The Moving Average and the Neura Network
approaches continue to yield the most satisfactory
results. However, both methods show signs of
reduced accuracy at this range, athough the
reduction in accuracy is very small, especialy for
the Moving Average approach. Both models yield
an error value of lessthan 0.50.

Per sistence ARIMA 1 ARIMA 2 MA ANN
2Hour RMSE 1.07 0.37 0.44 0.25 0.30
5 Hour RMSE 143 0.28 0.35 0.25 0.29
12 Hour RMSE 231 0.92 1.37 0.28 0.39
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Table 7: Resultsfor 2,5 and 12 Hour Forecast Tests
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5 CONCLUSIONS

This investigation set out to examine the intelligent
prediction of wind spectra, and has presented a Multi
Layered Perceptron which is capable of forecasting
wind speeds for wind park sites in the UK and
Ireland, for a variety of time horizons. It has aso
been clearly demonstrated that the current practice
of implementing the Persistence approach as a low
cost prediction tool is fool hardy and flawed. The
results presented clearly show that of al possible
low cost statistica approaches Persistence
consistently performs least well and has in examined
cases grossly underestimated the potential wind
spectra.

While the results achieved with Neural Network
technology would seem to contradict previous
studies, it is be clear from examination of literature
that each of the other modelling approaches
performed as had previously been documented.
Clearly showing that whilst, Persistence and
ARIMA models struggle to adequately model wind
spectra, Neural Network technology can be applied
to the problem.

There are three possible reasons for the success of
the Neural Network approach in this study; firstly,
perhaps models developed in previous studies have
not been sufficiently refined before being applied to
the problem. Or secondly, that the wind energy
spectra in the UK and Ireland are particularly
suitable for modelling by Neural Networks. Perhaps
the third possibility is the most satisfying
explanation, that both of the possible reasons
identified above have a part to play. That is to say
that the UK and Irish spectra is more suitable to the
NN approach and that the model presented has been
rigorously researched, designed, implemented and
trained [Fayyad, 1996].

Overal the study has produced results which
validate and aso extend current knowledge in the
field of short term wind speed forecasting. The
results demonstrate that both Moving Averages and
Neural Networks can operate well within acceptable
boundaries for horizons of up to 12 hours, based on
UK/Irish data. Indeed both approaches have
recorded RMSE values lower than some NWP
systems, showing that for horizons of 12 hours or
less, both of these statistical methods can not only
compete but also outperform such large and
expensive modelling systems. Section 2.4 also
demonstrates that the Neural Network model is
capable of producing highly accurate forecasts for
horizons of up to 1 year, based on monthly averages,
a horizon which was previoudy regarded as far
outside of the approaches prediction ability.
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The results of both the short term and longer term
tests clearly demonstrate that Neural Networks can
be applied to wind speed forecasting not just as a
cost effective indicator, but as a viable alternative to
larger, more complicated and more expensive (to
implement) NWP systems, not only in the UK and
Ireland but also world wide providing a affordable
and accurate prediction tool.

If we consider the long term industry aim of
developing a Decision Support System for Wind
Energy, then we can clearly see that the model
proposed in this paper has a significant role to play.
Not only will it aid integration in the short-term but
it can potentially form a core module of any DSS, by
providing forecasts for resource planning and
maintenance amongst other areas. As stated, a
decision support system aims to aid management
decision making. In order to perform this function it
is necessary to have the maximum amount of
knowledge available in the area. Consequently while
the prediction model discussed enables management
to gain better understanding of potentia future
conditions, it is equaly important that they are
equipped to make decisions based on past data and
events.

Significant scope till exists for the refinement of
ANN approaches, which could potentialy involve
multiple models each producing forecasts for a
different time horizon. The varying types of ANN
implementations should also be more fully
investigated and tested to assess their applicability to
the role of wind forecasting.
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