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Abstract. The enhancement of Measure Correlate Predict (MCP) using Principal Component Analysis (PCA) is a new
wind prediction method based on studying the patterns of historical wind data. The method is trained based on past wind
data to predict the wind speed using an ensemble of similar past events. The method is tested based on Meteorological
Office (MET-Office) wind speed from a reference site that spans from 2000 to 2010. The last two years (2009 to 2010)
were used as training years where the MCP – PCA algorithm learns the wind patterns between the reference(s) and target(s)
site. The prediction result is then compared to the actual wind speed distribution at the target site of the training years. The
method is further tested with an increase in number of reference sites for predictions. The new prediction results show that
the prediction error improves to 23.1 % in average in comparison to a standard linear regression method.
Keywords: Prediction, Measure Correlate Predict with Principal Component Analysis (MCP – PCA)

INTRODUCTION
Wind Energy has been growing rapidly in the timeframe of the past 10 years [1] with the total installed capacity
worldwide increased significantly from circa 23.9 GW in 2001 to approximately 486.8 GW in 2016 [2], [3]. The highest
capacity of wind energy was installed in China (168.7 GW), followed by the USA (82.2 GW), and Germany (50.0 GW)
[3]. Through advancements and researches, the wind energy generation is financially attractive as the cost per kWh has
significantly decreased over the last years [4]. Although the energy is abundant in most parts of the northern Europe [5],
wind energy is always fluctuating, thus making it hard to predict its behavior. Wind directions and wind speed are the
most important components in generating the energy [1]. Energy generated from turbines depends greatly on the cube
of the wind speed. Slight changes in the speed will cause a huge change in output, making a robust wind forecasting
method very desirable especially for the wind farm operators. Furthermore, turbine often has delays in their response
due to adjustments to the wind fluctuations [1], hence increasing the importance of having a reliable wind forecasting
method for wind farm developers and operators. Wind resource assessments are normally carried out on site for a period
of several years depending on the techniques of forecasting that will be applied. As a general rule of thumb, wind farm
developer would need a wind resource assessment of approximately 20 years which is costly [6]. However, assessing
the resource for a short period of time would prove to be insufficient in order to have low errors in the predictions [6].
This is why a Measure – Correlate – Predict (MCP) has been the most used method in the wind farm industry as this
method requires a significantly shorter wind data sets from the proposed site in order to predict the long-term wind
behavior at the site [7]. Nonetheless, it needs a reference site which has similar properties (common dynamical systems)
which has a long and reliable wind record [7]. For the dissertation, a more sophisticated version of the MCP called
Principal Component Analysis (PCA) is used. Wind forecasting is normally divided into two sections e.g. statistical and
physical approach [8]. Each of them are divided into three commonly used time horizons which is immediate short-term
(0 – 8 hours ahead), short – term (8 – 24 hours ahead), and long-term (24 hours – several days ahead) [1]. The MCP –
PCA falls under these categories of commonly used horizons. The statistical method analyzes the historical time series
of wind data of a certain reference and target site [9].The correlations between the proposed and reference site are then
determined. In addition, the statistical approach does not include any meteorological data as its inputs [8]. It usually
involves the artificial intelligence and time series analysis approach. There are several popular statistical wind
forecasting techniques aside from MCP that is widely used. The most common ones are Auto Regressive Moving
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Average models (ARMA) that uses linear methods for forecasting [1]. A hybrid (statistical and physical) of the model
is used according to [10] that produces a better result in predicting the wind direction. However, worse result is recorded
for the prediction of the wind speed. The other popular statistical method is the Artificial Neural Networks (ANN) [4]
[11]which uses an artificial intelligence system which acts like a brain to perceive input data and figuring out its
behavior. This system learns the pattern of the wind resource over a period of time and a prediction is made from its
‘learnings’. A case study in the Canary Island shows that the ANN performs better (87 % of the cases) than the traditional
MCP – Variance Ratio Method (VRM) [12].
But MCP – VRM outperforms ANN (with a single target site as a reference) when the correlation between target
and reference site is high. ANN only outperforms VRM in most of the cases where the reference site is more than one.
A forecast approach is normally deployed based on the characteristics, whether it is linear or non-linear, the forecasting
horizon, and the time window [1]. According to Zhang et. al [9], statistical approach is good in predicting the wind speed
in an immediate-short-term (0 – 8 hours) time window. They proposed based on their study in several wind farms in
China, using a hybrid of Singular System Analysis (SSA) with Autoregressive Integrated Moving Average (ARIMA),
ANN, and Support Vector Machine (SVM) reduces the Root Mean Squared Error (RMSE) obtained for most of the
wind farms (some up to 40% of reduction in RMSE) [9]. According to Skittides and Früh [1], MCP – PCA outperforms
the so called ‘naïve’ persistence method [13] where persistence is normally used as benchmarks in forecasting windows
for up to more than 10 hours. This study also shows that the MCP – PCA is reliable in forecasting the wind speed hours
ahead and days ahead. Short term wind prediction of the MCP – PCA can be minimized with the hybrid of the MCP –
PCA with persistence as it outperforms the MCP – PCA in a short time window in the mentioned case study. According
to Sun et al [3], the combination of PCA method such as Kernel – PCA outperforms several popular forecasting methods
including the typical integrated approach. Focusing on the strength of PCA, MCP – PCA has a unique ensemble method
that gathers the similar past events together and bases the forecasting upon these events [1] . Therefore, a forecast
accuracy is high due to the fact that events are separated when the forecast is made. Case studies in this work are made
based on pairings of reference and target site to evaluate the result of the MCP – PCA. Furthermore, the approach can
also be applied to other forecasting problems such as stock trend forecasting, temperature forecasting, electricity demand
forecasting, as well as solar irradiance forecasting [3]. Previously, tests on MCP – PCA are done on a one to one basis
which means one reference to one target only [1]. By adding several references into the algorithm of the MCP – PCA
against a target, the change (improvement or deterioration) in prediction error is quantified. The main objective is to test
the prediction quality by introducing more references into the algorithm. The results from the additional references are
compared to the standard linear – regression method and the one to one (one target against one reference) cases of MCP
– PCA.

METHODOLOGY
A time delay method is used in the PCA methodology to define equal variables to the phase space’s variables [1] .
This method aids in reconstructing the phase space from a given time series in dynamical systems. The reconstruction
process of a time series can be useful in a way that it can concentrate on bringing out the most significant pattern that
characterize the whole system. It is often associated that the challenge arises from lack of data i.e. having data from only
one site or considerably less data from another sites. Is it still possible to predict properly for all the sites if the PCA
algorithm has multiple inputs e.g. multiple source of reference and target data? More precisely, are the data from several
references and targets help the prediction as a lot more data is present or is it going to ‘confuse’ the system due to
significant increase in data processing. Firstly, the variables (wind speed and wind direction) of the data set need to be
rescaled so that they contribute to the system equally. It is accomplished by subtracting the mean from each variable and
then dividing it by the variance. This will produce the 0 to 1 scale for each variable that is suitable for the analysis. PCA
is then applied to the wind speed and the wind direction where they are expressed in vectors as can be seen in equation
(1) to avoid any discontinuity across all wind directions.
ܷ ൌ  െܷߠ݊݅ݏǡܸ ൌ  െܷܿݏ

(1)

The wind speed measurements at time, t for the reference (ܷ , ܸ ) and target (ܷ௧௧ ǡ ܸ௧௧ ) sites, can then
be expressed as follows in equation (2):
ܷǡ ሺݐሻǡ ܸǡ ሺݐሻǡ ܷ௧௧ǡ ሺݐሻǡ ܸ௧௧ǡ ሺݐሻ

(2)

Where the index ݊ defines the number of reference(s) or target(s) used in each of the PCA-analysis at a given time,
ݐ. This can be extended to form a time delay matrix of ݕሺݐሻas described below in equation (3) where ݉ is the number
of the time lags used:
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ݕሺݐሻ ൌ  ܷǡ ሺݐǡ  ݐെ ͳǡ ǥ Ǥ Ǥ  ݐെ ݉ሻǡ ܸǡ ሺݐǡ  ݐെ ͳǡ ǥ Ǥ Ǥ  ݐെ ݉ሻǡ ܷ௧௧ǡ ሺݐǡ  ݐെ ͳǡ ǥ Ǥ Ǥ  ݐെ ݉ሻǡ ܸ௧௧ǡ ሺݐǡ  ݐെ
ͳǡ ǥ Ǥ Ǥ  ݐെ ݉ሻ.
(3)
This creates a time delay matrix, ܻ in which each of its row contains one of the extended sets. The time-delay relies
on the choices of parameters, hence PCA is used to optimize the phase space reconstruction. PCA is performed to the
time-delay matrix, ܻ to separate background noises from the main pattern from the time-delay series. With applied PCA,
a depiction of shape of the time series as well as the number of needed time-delays can be identified. Hidden structures
from the data (i.e. useful information) can be extracted from its relevant parts and the importance in variability of the
time series can be explained. The PCA is carried out in R via the SVD (Singular Value Decomposition) built in tool.
SVD transforms the basis vectors of the phase space in a way that it finds the orthonormal fundamental vectors which
are then used to maximize the variance. The three outputs from the SVD procedure applied to the time-delay matrix, ܻ
from concurrent period can be expressed in equation (4):
(4)

ܻǡ ൌ ܲǡ ߣǡ ܵǡ

Where ܻǡ , is the time delay matrix. ݊ ൌ ͳ ǥ Ǥ Ǥ ܰrows, ݉ ൌ ͳ ǥ Ǥ Ǥ ܯcolumns, ܲǡ is the principal component matrix,
ߣǡ is the diagonal matrix of singular values, and ܵǡ represents singular vectors. ܲ is the principal component matrix
that describes the time series of the system in which it forms an attractor. Each column in the principal component’s
matrix contains the normalized amplitude of the pattern at any particular instance in time. ߣ is the diagonal matrix which
contains singular values. The diagonal component of ߣ contains the square root of the variance in the time series in its
reciprocal dimensions. These ߣ components can identify the significant variability in the data. To express it simpler, the
ߣ diagonal entry in its matrix represents the mean amplitude of the pattern which contributes to the measurements. The
singular vectors, ܵ are orthonormal in its character. This means that they are orthogonal with a unit length that spans
through the dimensions of the phase space. Each column of ܵ matrix represents a singular vector that describes the
empirical pattern’s behavior. In R, applying the SVD to the time-delay matrix will return the ߣ values from the diagonal
matrix in a descending order. This separates the strong patterns which contributes the most to the variances from the
background noise (uncorrelated short-term fluctuations). Truncating the ߣ and the ܵ matrices to the ݎcolumns of
strongest patterns, the background noises can be removed as well as optimizing the coherent patterns across the reference
and target sites. New principal components, ܲ can therefore be calculated with the truncated ߣ and ܵ . The new
principal components, ܲ is expressed in equation (5):
ܲ ൌ ܻ ்ܵ ߣିଵ


(5)

Where ܶ indicates the transpose of the matrix and െͳ indicates the inverse of the matrix. Only the first set of columns
of the time-delay matrix, ܻ can be filled due to the data that stems only from the historical information from the
reference site. As a consequence, only the first sets of columns from ܻ , in this case, ܻ can be filled. Furthermore, only
the first half rows of ܵ , in this case, ܵ and the first half of ߣ which is in this case ߣ can be used. As every row in the
singular matrix, S consists of data from all sites, using equation (5) to the historical data activates the analogous
components of the targets. It can be shown in equation (6) below to represent the estimated time-delay matrix from the
assumptions made above. The target velocity components can then be excerpted from the estimated time-delay matrix,
ܻ :
ܻ = ܲ ߣ ܵ = ܻ ்ܵ ߣିଵ
 ߣ ܵ

(6)

The error measurement, ݁ as described in equation (7) is used to compare the predictions made for target site from
the MCP – PCA method to the actual data from target site for the predicted years.

ଵ

ೌೝǡೝ ሺ௧ሻିೌೝೌǡሺሻ

ே

ೌೝೌ ǡሺሻ

݁ ൌ  σே
௧ୀଵ ൬ฯ

ฯ൰ Ǥ ܸ Ǥ ͳͲͲ

(7)

The area of wind probability distribution function for a given time,  ݐuntil the end of training year, ܰ that is shared
between the prediction and the actual wind speed distribution is calculated. It is denoted as the difference in modulus of
the wind speed prediction at a given time ݐ, ܷ௧௧ǡ̴ௗ ሺݐሻ and the actual wind speed at that given time,
ܷ௧௧̴௧ǡሺ௧ሻ . Similar approach is done for ܸ௧௧ǡ̴ௗ ሺݐሻ and ܸ௧௧ǡ̴௧ ሺݐሻ to avoid discontinuity in all
directions. In other terms, the histogram of the prediction(s) and actual target(s) for the training years are created and
then the similarity between them is calculated by the absolute difference in each velocity bin multiplied with the width
of the velocity bin, ܸ of ͳ ݉Τݏ. The error, ݁ is then calculated in percentage by multiplying it with 100. If both the
prediction and the actual target have the same probability distribution function, the error measurement (error value),
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݁would be zero. However, if the probability distribution between them are completely different, this would yield an
error value, ݁of 1 or percentage – wise, 100 %. Lastly, a performance index, ܲ ܫas shown in (8) is used to quantify the
ratio of prediction error made by the MCP – PCA method in comparison to the standard linear regression method.
݁ெି , is the error made by the MCP – PCA method using (7) and ݁ோ is the error made by the standard linear
regression method using the same equation using the linear regression approach.
ܲ ܫൌ 

ಾುషುಲ

(8)

ಽೃ

DATA SOURCE PREPARATION AND APPLYING MCP-PCA
TABLE 1: Anemometer Locations. [14]

No.
1.

Location
Stornoway
airport

Latitude
58.2138

Longitude
-6.31772

2.

Edinburgh:
Blackford Hill

55.9231

-3.1897

3.

Machrihanish

55.4408

4.

Salsburgh

55.8615

-3.87409

5.

Prestwick:
Gannet

55.5153

-4.58343

6.

Edinburgh:
Gogarbank

55.9284

-3.34294

7.

Islay:
Ellen

55.6813

-6.31772

8.

Bishopton

55.9068

-4.53122

Port

-5.69571

Eight data sets containing wind speeds and wind directions from several places in Scotland are acquired from METOffice [15]. The period of the obtained data equates to 11 years which ranges from 2000 to 2010. The locations of each
weather station are summarized in Table 1. The weather stations cover a small margin of latitude range but spans from
east coast of Edinburgh to the western isle of Islay: Port Ellen. Only the Stornoway airport lies in the northern region
which is in the Isle of Harris. The data are recorded with anemometers at a height of 10 meters above the ground with
an hourly interval. These sets of data were rounded to the nearest ± 1 knot. Analysis are made from introducing additional
reference(s) or target(s) in the MCP – PCA algorithm to all possible weather stations where each of them are treated as
reference(s) or target(s) site. The two last years which are 2009 and 2010 from both the reference and target sites are
used as a training period in which the algorithm learns the wind pattern between each other (i.e. wind speed and wind
direction) in order to be used for predictions. In the analysis, the delay matrix covers the 48 period of hours with a
truncation to 20 singular vectors. These are maintained throughout the analysis. The wind resource at each target site is
predicted for the year 2008 until 2010 and then compared to the actual data from those years. The wind pattern from the
8 locations according to Table 1 is distinguished from each other. Firstly, the one to one MCP – PCA method is carried
out for the sites that have similar wind patterns. The first sets of tests undergo the MCP – PCA method with similar
wind patterns as target and reference site. Then, an error measurement is carried out between the sites by comparing the
predicted wind probability distribution function from the target site with the actual ones. The next sets of tests are
repeated with sites that consist of different wind patterns between the reference and target sites. All of the predictions
made by this method are also compared with the standard Linear – Regression method to prove its reliability. As
mentioned, all the significant patterns from the sites are identified (i.e. prevailing winds and wind speed distributions).
For the first case, reference sites are chosen from locations that has similar wind patterns to the target site. These are
then compared with a standard MCP – PCA of one to one comparison from using one reference and one target site. For
the second case, the chosen reference sites differ in wind dynamics from the target site. This means that the wind pattern
between the reference sites are similar but differs from the target site. Similar error measurement is carried out for this
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second case. The third case features different wind dynamics between the reference sites themselves and the target site
i.e., If three sites are used for the wind distribution prediction, these three must differ in wind dynamics from each other.
Summary of the cases of using multiple references can be described in Table 2.
TABLE 2: Cases of using multiple references to predict the wind speed distribution at a target site.

Case

Wind pattern at
reference sites
Similar to another
reference and target site

Wind pattern at the
target site
Similar to reference
sites

2.

Similar to each other
but differs to target site

Differs from
reference sites

the

3.

Differs from each other
and the target site

Differs from
reference sites

the

1.

MAJOR OUTCOMES
TABLE 3: Average error distribution in all cases

Cases
Single reference site
to predict a target site
(averaged between all
the sites)
Multiple
reference
sites to predict a target
site
(averaged
between all the sites)

ࢋࡸࡾ

PI

15.5 %

50.8 %

30.5%

15.2 %

65.7 %

23.1 %

ࢋࡹࡼିࡼ

The summary of results in all sites averaged are given in Table 3, where the MCP – PCA method is clearly superior
to the standard linear regression method. For one target to predict the wind distribution at one target site, the MCP –
PCA method has decreased the prediction error to 30.5 % as indicated by the performance index, PI. In using multiple
reference sites to predict the wind distribution at a target site, the MCP – PCA has significantly improved its performance
in comparison to the standard linear regression method. It is shown that the error has been reduced to 23.1 % as indicated
by the PI in this case. Even at its worst case (using multiple reference against one site that has different wind patterns
from each other), the MCP – PCA yields an error, ݁ெି of only 19.2 %. In contrast to the best outcome of the
standard linear regression in the best case (using multiple reference against one site that has similar wind patterns with
each other), the standard linear regression method yields a staggering error of 61.2 %.
Adding a reference to predict the wind behavior at a target site in MCP – PCA cases only improves the error made
in average by a slight percentage of 0.3 %. These however differ from case to case. It is found out that in the 2 nd case
according to Table 3, the prediction error decreases by a noticeable amount if multiple reference is introduced. It yields
a prediction error of 11.9 % in comparison to the one target to one reference which yields an error percentage of 18.5
%. However, in the 1st case, by introducing more reference sites with similar patterns the result worsen which yields an
error percentage of 14.4 % in comparison to 11.7 % which belongs to one target against one reference site which has
similar wind patterns as well. In the 3rd case of having both reference as well as target site(s) with different wind
dynamics to predict the wind pattern at a target site, it is expected that the error percentage is the most with an error of
19.2 % yielded.

RESULTS AND DISCUSSIONS
From all the cases and tests that are conducted, it can be concluded that the MCP – PCA method produces a
significantly better error measurement value in comparison to the Linear – Regression method. It outperforms the Linear
– Regression method in the 1st case (one reference against one target) by an average margin of 40.3 % in error value, in
the 2nd case (multiple reference against one target) case by an average margin of 50. 5%. The MCP – PCA method finds
the most significant pattern for the target’s prediction whereby the Linear – Regression method takes an ‘average’
between all the sites.
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In cases where adding references with similar wind patterns are used across all the reference and target sites, the
error value surprisingly increases despite the fact that the wind patterns are similar. This is due to the fact that the
algorithm having so much similar data that it truncates the possible outliers from the sites that contribute to the pattern.
In other words, the algorithm is focused too much on the major patterns rather than both major and minor patterns that
contributes to the pattern as a whole. In cases where introducing different wind patterns as references are used across all
the sites, it is expected that the result worsens from every MCP – PCA tests. The significant pattern between the sites
are less distinguishable for the MCP – PCA algorithm as these sites have unequal wind patterns between them (less
correlation). As a result, the error value is increased as more sites are introduced. When the reference sites share the
same wind patterns with each other but differs from the target site, a decrease of error value is observed as more sites
are introduced. In this case, the difference in wind pattern is not completely different but at the same time not the same.
Therefore, the most significant pattern for the target site can be distinguished and captured to produce a good prediction.

CONCLUSIONS
A wind resource assessment using MCP – PCA is carried out in this paper using data spanning from the year 2000
to 2010. The results obtained from the enhanced MCP clearly outperforms the standard linear regression method in all
cases. In cases of adding multiple reference sites to enhance the performance of the method, a better selection criterion
must be used in future studies to clearly capture the effect of reference site(s) to the error in predictions made.
The next stage of work is to further verify the predictions made by making more tests i.e. using more pairings of data
sets not only limited to one weather climate but focusing on other climates as well. The predictions reliability can also
be further tested with the new and upcoming future data.
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