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Abstract. Wind forecast accuracy is of extreme importance to several applications, ranging
from wind energy generation monitoring to the aviation decision making process. The Weather
Research and Forecasting Model (WRF) provides a 72-hour forecast of wind components. Al-
though this model performs fairly well on a mesoscale, it can be biased and too general for
specific areas, and therefore the post-processing of this kind of model is needed. A comparison
of correction for the U and V components versus wind speed and direction is made in this work.
For each variable, several tests were made using five different models plus the average bias
correction. All models were trained with WRF data and observed values from five locations
in Brazil from 12 September 2016 to 25 July 2017. Our method of forecast correction showed
significant improvement over the original forecast in all cases and outperformed the average
bias correction.
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1 INTRODUCTION

Accurately knowing in advance wind conditions can be critical to the most diverse appli-
cations nowadays. Council et al. (1983) reported how wind shear can be a hazard to aviation,
having already caused a plane crashed. The awareness of future wind conditions is imperative
for a safe flight.

Knowing the wind forces in advance can also help in preparatory measures for wind erosion
that can affect agricultural lands (Saxton, 1995).

However, the most prominent application of wind forecast is for the use of clean and renew-
able energies in large scale, that has been getting more attention over the past years. This can
be seen as a direct result of scientific findings of climate change, mainly affected by greenhouse
gas emissions (Carmo et al., 2017).

Besides being a way of reducing C'O,, wind power can also be a way to stimulate economic
growth in areas where the wind speed is appropriate. As of 2005, the cost of wind turbines
manufactured had decreased about 20% since 1995, and although not emission-free, wind power
generation still is one of the best environmentally friendly alternative (Ackermann, 2005).

Notwithstanding all the benefits of wind power, it is not a trivial task to optimally manage
it. Zhao & Zeng (2012) assert that “it is risky to introduce a large amount of wind energy into
current power systems because the intermittency nature of wind can raise costs for regulation
and hamper the reliability of the power system”. For this reason, accurate wind forecast is
absolutely necessary.

1.1 Justification

Important and advanced as it is, weather forecasts from numerical models are still liable
to errors and systematic biases (Madadgar et al., 2014). Most approaches used in the existing
literature use the bias correction or are at least similar to it (Moradkhani & Meier, 2010; Candille
et al., 2010; Hashino et al., 2006), always trying to identify and quantify errors or to predict
uncertainty. It is important to notice that all these works agree that the model post processing is
essential.

In face of all that, we chose a machine learning approach for forecast correction, a field that
has ben getting more and more attention in recent years. We provide models with the forecast
and other variables about the time of the forecast, letting each model decide how to better do
the post-processing correction.

2 METEOROLOGICAL CONCEPTS

Numerical weather prediction (NWP) is essetially an initial and boundary condition prob-
lem (Daley, 1993), which implies that better initial conditions will produce better prognostics.
Most of the time changing initial conditions is tricky and hard to implement. One of the best
ways to achieve better results is to correct the model output bias, the goal of this work. One of
the most used NWP models is the Weather Research and Forecast model.
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2.1 WRF

The Nacional Center for Atmospheric Research (NCAR) and other institutions maintain the
processing core of the Weather Research and Forecast (WFR) model. This model is state-of-
art, fully compressible, conservative and uses a mass vertical coordinate. The time integration
scheme is a third-order Runge-Kutta and the spatial discretization is a second and sixth-order in
an Arakawa-C grid (Skamarock et al., 2008).

The WREF processing procedure has three main steps. The first is the WRF Preprocessing
System (WPS) that arranges the input data for the numerical simulation. After the WPS is done,
the vertical interpolation of the meteorological fields to the model levels is calculated, creating
the initial and boundary conditions. After this, the model itself is executed.

One main problem in the estimation of surface variables like wind speed is the represen-
tation of topography and terrain morphology, which despite the high resolution of only a few
kilometers is still problematic (Santos-Alamillos et al., 2013). Probably for that reason, a posi-
tive bias over plains and valleys and a negative bias over hills and mountains have been reported
(Jiménez & Dudhia, 2012).

Models like the WRF have around variables 150, and a portion of them represent the U and
V components of the wind in different situations. And although the model outputs wind in this
representation, applications often deal with wind speed and direction.

2.2 U and V components

Meridional (V) and zonal (U) components of wind are the standard output of WRF for
wind forecast. The U component is positive for a west to east flow and the V component is
positive for a south to north flow. Those components are computed in a staggered grid to avoid
numerical instabilities known as odd-even (Neundorf, 2016). Therefore, these values of wind
components are actually in the center of the model grid, a result of a mean among the grid
edges. These components can also be obtained from a speed SPD and direction DI R point of
view, as can be seen on Eq. 1 and Eq. 2. For both these equations, the wind direction must be
in radians and the speed in meters per second.

U = —SPD x sin(DIR) (1)
V = —SPD « cos(DIR) )

2.3 Speed and Direction

Usually, the wind is represented as speed and direction instead of meridional and zonal
components. The speed is the norm of U and V (Eq. 3). The direction is defined following
the meteorological notation, i.e., the direction from which the wind is blowing, in relation to
the true north. It increases clockwise from north when viewed from above (Burt, 2012). Its
calculation can be seen on Eq. (4)

Speed = VU2 + V2 3)

180
Direction = — x arctan(—=U, —=V') 4)
T

The WRF model forecast data used on this work was processed and provided by SIMEPAR
(Parana Meteorological System).
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3 METHODS

In order to better understand a processe being studied, scientific methodology urges us to
collect data about said process of interest. Nowadays, this task has become easier, and the com-
putational ability to process it advanced significantly (Alpaydin, 2014). In machine learning,
algorithms that have the capacity of learning useful information from a provided database are
used.

On a supervised machine learning algorithm, the goal is to obtain a method that can learn
from labeled data (Raschka, 2015). This label can be a class that each instance of the data
belongs in, or a continuous value representing each instance. When we have classes, we have a
problem of classification, and when we have continuous values, regression.

To obtain knowledge about the data and how it behaves, we assume that instances of the
same class or approximated value also behave similarly, so when dealing with new data it is
safe to predict from what was learned previously (Quinlan, 2014).

In this work, we deal with the problem of regression as the variables we want to predict are
continuous. The methods used for this task are explained in the next sections.

3.1 Linear Regression

The most basic approach to the problem of regression is the linear regression. One of
the most adopted algorithms for this task even if just for a comparison is the Ordinary Least
Squares (Dismuke & Lindrooth, 2006). This method carries this name because its aim is to
find regression coefficients w; and wy that minimize the sum of the squared errors calculated
on a target variable y; and the regressed variable f(x;) when you have an attribute z;, in every
instance ¢ of your data of size N (Tan et al., 2009). This can be seen on Eq. (5).

N

N
SSE = [y — f(z:)]? = [y — w1z — wy)” )
i=1 i=1
To the purpose of finding said regression coefficients, a differentiation is made on Eq. (5),
also equaling it to zero. After distributing the summation and solving the remaining equations,
the coefficients are obtained (Larose, 2006).

3.2 MS5P Tree

Decision and regression trees are hierarchical models of decisions and consequences. At
each node of the tree that is not a leaf, a decision is made, as this model is a recursive partition
of the instance space. On the leafs of the tree, if the task is to classify, there is a class; if
it is regression, a continuous number (Rokach & Maimon, 2014). As Quinlan (1990) stated,
tree-based methods are appropriated for data with continuous and discrete attributes.The M5P
tree is often used for the task of regression, and Regression trees are built in three main stages:
induction, pruning and smoothing.

On the tree induction, the goal is to find the rules that best separate the data according to
the goal variable, so that at each tree level, more similar data reaches each node. At each node,
a regression model is built. When there is a sufficient group of instances on a node or another
metric is achieved, the M5P tree algorithm stops. Different than other regression trees that just
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return a value, M5P tree has a regression function on its leafs (Zhan et al., 2011). To control
overfitting, a pruning step is added to the tree model. In this step, each node regression model is
recalculated with the attributes being dropped one by one to see if the expected error decreases,
and when it does, nodes are pruned (Wang & Witten, 1997). Finally, a concern when it comes
to regression is to compensate for discontinuities on the data and model, so the MSP tree has a
final step of smoothing (Zhan et al., 2011). To smooth the final value reached at a tree leaf, a
combination is made with each prediction of the path back to the root from the leaf (Wang &
Witten, 1997).

3.3 Random Forest

A Random Forest model consists of a set of decision or regression trees. This model is often
used because of how it measures attributes importance and similarities (Svetnik et al., 2003).
Although it is a computationally expensive model, it usually achieves a good generalization
even for small datasets (Ham et al., 2005).

According to the desired number of trees for the model, each tree is built using a different
part of the available data for training. In addition, unlike trees such as the M5P (Section 3.2), the
splitting criteria is not the best rule that minimizes the standard deviation tested in all attributes,
but only on a set of randomly chosen attributes for that node. It is important to note that the
built trees are not pruned. (Breiman, 2001; Liaw et al., 2002).

Liaw et al. (2002) states that after all trees are build, to predict new data for a regression
problem, each tree prediction is collected and an average is obtained, which will be the final
prediction.

3.4 Multi Layer Perceptron

The Perceptron is the most primitive form of neural networks, representing a single neu-
ron learning from given examples by weighing good and bad predictions with a certain bias.
However, a perceptron cannot express decisions that are not linear (Mitchell, 1997). With that
in mind, the MultiLayer Perceptron was created, a neural network that is a system of intercon-
nected perceptrons (neurons).

The neurons in this network are arranged in layers, and a neuron from one layer is con-
nected to all other neurons from the next one. Each neuron will pass forward the result of the
chosen function calculated on the neuron’s input, which can be the environment input or the
results from previous layers. The chosen function can vary depending on the problem being
studied. This type of processing is called feed forward (Gardner & Dorling, 1998) because of
this characteristic of always passing the results to the next layers.

To learn from the given data, the MultiLayer Perceptron uses the backpropagation algo-
rithm (Hecht-Nielsen et al., 1988), which is a way of finding the best weights that connect the
neurons on the network.

Gardner & Dorling (1998) states that an advantage to the multilayer perceptron is that it
does not make any prior assumptions about the data distribution, different than other statistical
approaches.
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3.5 Support Vector Regression Machines

Support Vector Machines (SVMs) are hyperplane classification models, that seek to find
an optimal hyperplane with maximal distance to the margins of each class. They are built by
finding a solution that expands in terms of the data instances that lie on these margins, called
support vectors. That is done by solving a constrained quadratic optimization (Hearst et al.,
1998).

Using Support Vectors for regression, with the absence of instances for each class used
to calculate margins distances, what we analyze is the loss function that will allow a better
mapping of the features using the support vectors. The goal is to minimize the error of the
predictor function on the mapped values and the target variable (Drucker et al., 1997).

3.6 Gradient Boosting

The combination of predictions from different models usually turns into a better prediction
than any of the original ones (Ridgeway, 1999). This is the goal of ensemble models, as they
combine different methods in the hope of finding room for improvement. A well-known class
of ensembles do boosting, a widely applicable kind of model combination.

Tan et al. (2009) pointed out that boosting techniques consist of an iterative way of sampling
on the training data in a manner that makes the classifiers focus on difficult data. This is done
by using weak classifiers that are good in specific parts of the data, instead of having one that
performs well on all of it.

The gradient boosting algorithm (Friedman, 2001) has a stagewise strategy, where on each
stage the classifiers are trained to fit not only the predictors to the target variable but also the
error the classifiers are yielding.

4 METHODOLOGY

The variables which had its correction performed were the wind components described on
Section 2: U component, V component, speed and direction of the wind. In order to achieve re-
liable results, several tests were made with the training data, exploiting the variables as machine
learning attributes, disregarding the physics in their relationships.

The ground truth observed data used in this work was available in five points, at two differ-
ent altitudes, so our results are partitioned in 10 different results for each target variable. The
data was collected from 12 September 2016 to 25 July 2017, every 15 minutes, with direction
and speed values at both heights in each point. To obtain the U and V observed values, the
equations from Section 2 were applied.

The WREF forecast covers a period of 3 days, with predictions for every 30 minutes, total-
1zing 144 moments of forecast. Due to this interval of 30 minutes, the observed data used were
only observations that coincided with the time of forecast provided by the WRF model. One
forecast of 144 moments per day was used.

Taking in consideration that we had forecast data for the period we had observed data, we
had roughly 316 days of forecast with 144 moments for each point at two heights, which would
sum up to approximately 91.000 instances for each point of interest and 455.000 total in our
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dataset. This is only an approximation as sometimes data could not be collected in determined
points.

Regarding the predictor variables, as it is suggested by Young (1999), the wind can be
seasonal, so we added a variable signaling which season of the year is for that instance. We
also know that the more away from the initial time the forecast is, the more likely it is to need a
stronger correction, therefore we also added a variable of the distance from the initial forecast.

As the forecast distance and season of the year information we added were crucial to our
work contribution, we made sure they were balanced on the training and test sets. We also made
sure to not split a 3-day forecast between the training and test sets, making sure there was no
data with a part in the training and the remaining on the test.

Let us divide these variables into two groups, the first with the U and V components and the
other group with the speed and direction variables. For each group, the correction performance
was compared when the predictors comprised of: 1) only the target variable forecast in addition
to the forecast distance and season; 2) the target variable forecast and also the forecast from
the other variable in its group in addition to the forecast distance and season; and finally, 3) the
target variable forecast and all other variables forecast in addition to the forecast distance and
season. Table 1 shows the predictors for each target variable in each test round.

Table 1: Predictors for each target variable in each test round

Target Variable Test Round Predictors
1st U forecast, forecast distance and season
U 2nd U and V forecast, forecast distance and season
3rd U, V, Speed and Direction forecast, forecast distance and season
1st V forecast, forecast distance and season
A\ 2nd U and V forecast, forecast distance and season
3rd U, V, Speed and Direction forecast, forecast distance and season
Ist Speed forecast, forecast distance and season
Speed 2nd Speed and Direction forecast, forecast distance and season
3rd U, V, Speed and Direction forecast, forecast distance and season
1st Direction forecast, forecast distance and season
Direction 2nd Speed and Direction forecast, forecast distance and season
3rd U, V, Speed and Direction forecast, forecast distance and season

The metric adopted to compare performance throughout this work was the explained vari-
ance score, that can be seen on Eq. (6). In this equation, y represents the ground truth value of
the target variable, ¢ the predicted value and V ar stands for the variance measure. The closer
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to 1 this score is, the better is the performance.
Var(y — 9)
Var(y)
Further on we divided our data into a training and a test set, with 33% of the data for
testing and the remaining for training. All methods from Section 3 were used either through
the programming language Python, with the Scikit-Learn package (Pedregosa et al., 2011) that
provides machine learning tools or by means of the Weka software (Witten et al., 2016).

explained_variance(y,y) = 1 —

(6)

For each test round, we train our five regressors: Support Vector Regression, Random
Forest, Multi Layer Perceptron, Linear Regression and M5P Tree. Finally, after we have 5
different regressors trained, we used their predictions as input for an ensemble method. The
chosen ensemble method for this work was the Gradient Boosting.

5 RESULTS AND DISCUSSION

Our initial results can be seen in Table 2. This table shows the explained variance values for
each of the target variables at each test round. The methods of Linear Regression (LR - Section
3.1), M5P tree (Section 3.2), Random Forest (RF - Section 3.3), MultiLayer Perceptron (MLP
- Section 3.4) and Support Vector Regression (SVR - Section 3.5) were trained and tested.

Table 2: Initial Results, explained variance of best method.

Test Round

Target
Variable
U 0.62318595 (SVR)  0.6368428 (M5P)  0.64017916 (RF)
\Y% 0.58117256 (M5P)  0.59938795 (RF)  0.60253958 (RF)
Speed 0.5199313 (M5P)  0.54444089 (M5P)  0.54997971 (RF)
Direction 0.61638534 (M5P) 0.62768586 (M5P) 0.63298906 (M5P)

1st 2nd 3rd

What we can infer from Table 2 is that initially, the MSP tree handled very well the cor-
rection, losing only in the U component correction to the SVR. But as the tests progressed and
more variables were added as predictors, we can see the Random Forest algorithm is able to
better predict the corrected forecast. We also note that the third round of test, the one with more
predictors, is where the performance was higher for all target variables.

For that reason, in Fig. 1 we can see the explained variance score distribution for each
method. As was explained in Section 3, the closer to 1 the results are, the better the method
performed.

We can see a clear difference between any of the methods and the bias correction. And in
order to compare the best method, the bias correction, and the original forecast, we also have
the plots of the average score of these 3 approaches for each forecast time. The plots for each
target variable can be seen in Fig. 2.
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Figure 1: Third round of tests where the best results were achieved by a method alone. Each subplot shows
the score distribution for each method trained and the bias correction.

The results achieved at this point were good compared to other approaches, but we wanted
to see if there was room for improvement. Therefore, the next step we took was splitting our
data once more, this time the test dataset, in order to get the predictions from each regressor and
feed it to a boosting regression method. The results of this step can be seen on Table 3.

Table 3: Explained variance of corrected forecast after ensemble.

Test Round
Target
Ist 2nd 3rd
Variable
U 0.66382903 0.68493536 0.68143604
A% 0.62158359 0.64559839 0.64235024
Speed 0.55938822 0.58295944 0.58760735
Direction 0.67597393 0.68150216 0.69018498
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Figure 2: Mean error comparison by forecast time between the best method for the round, the bias correc-
tion and the original forecast.

The final comparison by target variable of the best method alone and the ensemble of all
methods can be seen on Fig. 3.
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Figure 3: Performance comparison

6 CONCLUSION

Wind forecast correction is a well-established stage for processes that depend on wind fore-
cast. With that in mind, we undertook the task of doing so with a machine learning approach.

We did several tests in order to get a full picture of the possibilities available when it came
to predictors and approaches. The Support Vector Regression and the M5SP tree did better when
there were only a few predictors. In the other hand, Random Forests did well when there were
more.

As a last resort, we used a boosting ensemble technique to evaluate if performance would
increase. The results we obtained showed that the boosting technique was better in all case
scenarios, but not by far.

We also noted that the WRF model consistently has the worst predictions for the 9th hour
of each day of forecast, while the corrections methods used do generally well in all forecast
times, learning how to deal with peaks of wrongful predictions like these.
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