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Abstract
The use of wind energy is on the rise in the United States and elsewhere. However, predicting the production of power
from wind is highly uncertain. In this paper, the effectiveness of three machine learning algorithms: ridge regression,
polynomial regression, and artificial neural networks is compared on the predictive accuracy of the wind speed, which
directly affects the wind power generation. Five-fold cross-validation technique is used to train and test the three
algorithms using a range of hyperparameters. It is shown that the polynomial regression provides a better prediction
than the other algorithms based on the root mean square error and R-squared metrics.
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1. Introduction

It is a global consensus that there is a need for reliable and environmentally friendly energy sources to cope up with
the growing energy demand, as the consumption of energy is increasing at a faster rate than before due to the rapid
population growth, technological enhancement, and urbanization, among other factors. The use of renewable energy
sources such as wind and solar appears to be a viable course of action. However, predicting the production of power
from the renewable sources is highly uncertain. In this paper, a comparison of the predictive effectiveness of three
machine learning algorithms is made to predict the wind speed at Pueblo, CO, USA – which directly impacts the
production of wind power generation at the specified location. The wind speed is predicted from the weather data such
as temperature and humidity. Over 25,000 sample hourly data with twenty predictors (factors) and the wind speed
response variable are collected from the Darksky website to experiment with the algorithms. The data are split into
80% training set and 20% testing set to experiment with the three algorithms: ridge regression, polynomial regression,
and artificial neural network (ANN). The maximal information coefficient (MIC) and the point biserial correlation
(PBC) techniques are utilized to choose the significant factors that highly affect the wind speed, instead of using all
the predictors for practical purposes. The root mean square error (RMSE) and R-squared values are used to measure
the accuracy of the algorithms.
The rest of the paper is organized as follows. A review of the literature is presented in section 2, followed by the data
description in section 3. Comparison of the machine learning algorithms and conclusions are given in sections 4 and
5, respectively.

2. Literature Review

Renewable energy production prediction using machine learning algorithms is one of the popular areas of the current
research because of the complex relationship between energy production and its predictors. For example, the use of
ANN to develop time series models to predict wind speed/wind power is presented in (Ma et al. 2020; Memarzadeh
and Keynia 2020; Rodrigues Moreno et al. 2020; Wang et al. 2020). These authors use historical wind speed/power
data to predict their future values. Khosravi et al. (2018) predict wind speed, wind direction, and the output of a wind
turbine from temperature, relative humidity, pressure, and local time to build three models that use machine learning
algorithms: multilayer feed-forward neural network, support vector regression (SVR) with a radial basis function
(RBF), and adaptive neuro-fuzzy inference system optimized by partial swarm optimization algorithm. Zafirakis et al.
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(2019) compare ANN and SVR to forecast wind power generation. ANN and SVR machine learning algorithms are
trained with datasets of wind power generated from 10 wind turbines, wind speed, and direction for a span of 2.5 years
to forecast a day ahead wind generation. Brahimi et al. (2019) use time of the day, year, latitude and longitude, air
temperature, wind direction, humidity, and pressure as inputs to an ANN algorithm to predict wind speed. Navas et
al. (2020) use elevated input data of wind speed at 50 meters, wind direction at 63 meters, and wind direction at 48
meters, to predict wind speed at a height of 65 meters using three ANN models: multi-layer perception neural network,
RBF neural network, and categorical regression. Lawan et al. (2020) use Lavenberg-Marqardt (LM) learning
algorithm to build an ANN to predict wind speed of one location by using the data from a different location. Lin et al.
(2020) build an ANN algorithm from wind speed, nacelle orientation, yaw error, blade pitch angle, and ambient
temperature using supervisory control and data acquisition (SCADA) technique to predict wind power generation.
The selection of significant predictors improves the efficiency of the machine learning algorithms, mainly by reducing
the cost of computation and data collection. Rodríguez et al. (2020) analyze the relationship between the different
parameters and wind power to choose the most significant predictors as input to a recurrent neural network algorithm.
The network is trained using the LM algorithm to predict a very short-term wind power density. Nielson et al. (2020)
collect data of wind speed, wind shear, density, turbulence, and Richardson number using SCADA and build a
feedforward backpropagation ANN to predict wind turbine power prediction. The ANN is trained using different
number of inputs and shows that the network with the highest numbers of inputs produce the most accurate results. In
Zhang et al. (2019), principal component analysis (PCA) is used to find the most relevant input parameters and a radial
basis function neural network is used to forecast very short-term wind speed. Liu et al. (2020) create a novel neural
network model to predict wind speed by incorporating mutual information (MI), stacked denoising auto-encoder
(SDAE), and long short-term memory (LSTM). MI is used to select the most significant predictors as inputs. SDAE
captures intrinsic feature of the data and adds noise to it. LSTM layer is used to capture the temporal dependencies of
past wind speed on future wind speed. Zhang et al. (2019) use Pearson’s correlation coefficient (PCC) for determining
linear correlation and maximal information coefficient (MIC) for nonlinear correlation to choose the most significant
predictors, among twelve predictors for an LSTM network which is based on neighborhood gates to predict wind
speed.
This paper presents a unique contribution by comparing the performance of three algorithms on large scale dataset
over relatively larger number of predictors than available in the literature.

3. Data Description

The meteorological data needed for the models are collected from the DarkSky website (DarkSky 2020) over three
years period from 2017 – 2019 for Pueblo, CO, USA. The data comprise of 25,762 samples and 21 types: year, month,
day, hour, summary, apparent temperature, cloud cover, dew point, humidity, icon, ozone, precipitation intensity,
precipitation probability, precipitation type, pressure, temperature, UV index, visibility, wind bearing, wind gust, and
wind speed. The wind speed is considered as the response, while all other data types are considered as predictors.
However, ozone and the precipitation are not considered because of significant missing values. Furthermore, wind
gust is dropped from consideration because the inter-dependency with wind speed. The linear and non-linear
correlation of the continuous predictors with respect to the response is determined using the maximal information
coefficient. On the other hand, the significance of the categorical predictors is computed using point biserial
coefficient as the maximal information coefficient is not appropriate to use for discontinuous variables (Skotarczaket
et al., 2019). As the result, dozen of the predictors are chosen as inputs to the machine learning algorithms due to their
high correlation with the wind speed. These are year, month, hour, apparent temperature, summary, icon, humidity,
pressure, temperature, UV index, visibility, and wind bearing.

4. Comparison of the Machine Learning Models

The three machine learning models selected for the prediction purpose are polynomial regression, ridge regression,
and artificial neural network. These models are chosen because of their suitability in dealing with the underlying
problem, which is represented by a regression model. In such types of models, the relationship between the predictors
and the output can be captured by eq.1 as below.
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠, 𝑦𝑦� = 𝑏𝑏0 + 𝑤𝑤11 ∗ 𝑝𝑝1 + 𝑤𝑤21 ∗ 𝑝𝑝2 + 𝑤𝑤31 ∗ 𝑝𝑝3 … 𝑤𝑤𝑛𝑛1 ∗ 𝑝𝑝𝑛𝑛
+𝑤𝑤12 ∗ 𝑝𝑝1 2 + 𝑡𝑡11−21 ∗ 𝑝𝑝1 ∗ 𝑝𝑝2 + 𝑡𝑡11−31 ∗ 𝑝𝑝1 ∗ 𝑝𝑝3 … + 𝑡𝑡11−𝑛𝑛1 ∗ 𝑝𝑝1 ∗ 𝑝𝑝𝑛𝑛
+𝑤𝑤22 ∗ 𝑝𝑝2 2 + 𝑡𝑡21−31 ∗ 𝑝𝑝2 ∗ 𝑝𝑝3 + 𝑡𝑡21−41 ∗ 𝑝𝑝2 ∗ 𝑝𝑝4 … + 𝑡𝑡21−𝑛𝑛1 ∗ 𝑝𝑝2 ∗ 𝑝𝑝𝑛𝑛
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+𝑤𝑤32 ∗ 𝑝𝑝3 2 + 𝑡𝑡31−41 ∗ 𝑝𝑝3 ∗ 𝑝𝑝4 + 𝑡𝑡31−51 ∗ 𝑝𝑝3 ∗ 𝑝𝑝5 … + 𝑡𝑡31−𝑛𝑛1 ∗ 𝑝𝑝3 ∗ 𝑝𝑝𝑛𝑛 … + 𝑤𝑤𝑛𝑛2 ∗ 𝑝𝑝𝑛𝑛 2 + 𝑤𝑤13 ∗ 𝑝𝑝1 3
+ 𝑡𝑡12−21 ∗ 𝑝𝑝1 2 ∗ 𝑝𝑝2 + 𝑡𝑡12−31 ∗ 𝑝𝑝1 2 ∗ 𝑝𝑝3 … + 𝑡𝑡12−𝑛𝑛1 ∗ 𝑝𝑝1 2 ∗ 𝑝𝑝𝑛𝑛 + 𝑡𝑡11−22 ∗ 𝑝𝑝1 ∗ 𝑝𝑝2 2 + 𝑧𝑧1−2−3 ∗ 𝑝𝑝1
∗ 𝑝𝑝2 ∗ 𝑝𝑝3 + 𝑧𝑧1−2−4 ∗ 𝑝𝑝1 ∗ 𝑝𝑝2 ∗ 𝑝𝑝4 … + 𝑧𝑧1−2−𝑛𝑛 ∗ 𝑝𝑝1 ∗ 𝑝𝑝2 ∗ 𝑝𝑝𝑛𝑛 + 𝑡𝑡11−32 ∗ 𝑝𝑝1 ∗ 𝑝𝑝3 2 + 𝑧𝑧1−3−4 ∗ 𝑝𝑝1 ∗ 𝑝𝑝3
∗ 𝑝𝑝4 + 𝑧𝑧1−3−5 ∗ 𝑝𝑝1 ∗ 𝑝𝑝3 ∗ 𝑝𝑝5 … + 𝑧𝑧1−3−𝑛𝑛 ∗ 𝑝𝑝1 ∗ 𝑝𝑝3 ∗ 𝑝𝑝𝑛𝑛 … + 𝑡𝑡11−𝑛𝑛2 ∗ 𝑝𝑝1 ∗ 𝑝𝑝𝑛𝑛 2 … + 𝑤𝑤𝑛𝑛3 ∗ 𝑝𝑝𝑛𝑛 3 …
(𝑒𝑒𝑒𝑒. 1)
+ 𝑤𝑤𝑛𝑛𝑛𝑛 ∗ 𝑝𝑝𝑛𝑛 𝑘𝑘

where,
𝑏𝑏0 = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑤𝑤𝑖𝑖𝑖𝑖 = 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ𝑡𝑡 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑖𝑖 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑗𝑗
𝑡𝑡𝑖𝑖𝑖𝑖−𝑝𝑝𝑝𝑝 = 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ𝑡𝑡 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑖𝑖 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑗𝑗 𝑎𝑎𝑎𝑎𝑎𝑎
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑝𝑝 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑞𝑞
𝑧𝑧𝑖𝑖−𝑝𝑝−𝑓𝑓 = 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ𝑡𝑡 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑖𝑖, 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑝𝑝 𝑎𝑎𝑎𝑎𝑎𝑎 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑓𝑓
𝑝𝑝𝑖𝑖 = 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑖𝑖
𝑛𝑛 = 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑘𝑘 = ℎ𝑖𝑖𝑖𝑖ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒,
𝑖𝑖, 𝑝𝑝, 𝑓𝑓 = 1,2, . . 𝑛𝑛 𝑎𝑎𝑎𝑎𝑎𝑎 𝑗𝑗, 𝑞𝑞 = 1,2, . . 𝑘𝑘

As eq. 1 above is used to predict the wind speed, the gap between the predicted wind speed and the actual value of
wind speed can be estimated by the cost function in eq. 2 below. Since the least cost is desirable, the average of costs
over multiple experimental runs provides the root mean square error and R-squared value which are used to compare
the three algorithms, indeed with the addition of regularization term in ridge regression.
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = (𝑦𝑦� − 𝑦𝑦𝑖𝑖 )2

(𝑒𝑒𝑒𝑒. 2)

where,
𝑦𝑦𝑖𝑖 = 𝑡𝑡ℎ𝑒𝑒 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

The machine learning algorithms estimate the values of the parameters (the weights and constant) to minimize the
cost function. For example, in gradient descent iterative solution approach (eq. 3), the cost function is differentiated
with respect to the parameter, the derivative is multiplied with a learning rate, and then subtracted from the “old”
parameter value to get the value of the “new” parameter.
𝑑𝑑𝑑𝑑
(𝑒𝑒𝑒𝑒. 3)
𝑝𝑝𝑝𝑝𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑝𝑝𝑝𝑝𝑜𝑜𝑜𝑜𝑜𝑜 − 𝛼𝛼 ∗
𝑑𝑑𝑑𝑑𝑑𝑑
where,
𝑝𝑝𝑝𝑝 = 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝛼𝛼 = 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
𝑑𝑑𝑑𝑑
= 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑜𝑜𝑜𝑜 𝑡𝑡ℎ𝑒𝑒 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑡𝑡𝑡𝑡 𝑎𝑎 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑑𝑑𝑑𝑑𝑑𝑑
The regression model and the cost function along with the gradient descent is used in the three machine learning
algorithms. An overview of the algorithm and the hyperparameters used to train and test them are given below. In
each of the algorithms, the five-fold cross-validation approach is used for the training and testing purposes, where
80% of the data is used for training the algorithms, and 20% is reserved for testing.

4.1 Ridge Regression

Ridge regression is a variation of linear regression. Linear regression only uses the first-degree terms from eq. 1 and
finds the values of the parameters that minimizes the prediction error on the training dataset. But in ridge regression,
a regularization term is added to the cost function, to prevent the parameters from deviating highly from the true value.
The equation for cost function of the ridge regression is as given in eq. 4 below.
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹, 𝐶𝐶 = (𝑦𝑦� − 𝑦𝑦)2 + 𝜆𝜆‖𝑝𝑝𝑝𝑝‖2

(𝑒𝑒𝑒𝑒. 4)

In addition to finding the parameter values, ridge regression also finds the value of 𝜆𝜆 which minimizes the cost
function. The different learning rates and solvers used for training are given in Table 1.
Table 1. Ridge Regression Hyperparameters
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Solvers

auto, svd, cholesky, lsqr, sparse_cg, sag, saga

Learning Rates

0.0001, 0.001, 0.005, 0.01, 0.05, 0.1, 1, 10, 100, 1000

Each solver is run with all the learning rates. In the validation stage, the solver sag with a learning rate hyperparameter
of 0.001 outperforms the other parameters based on R-squared values. The value of R-squared tells that the percentage
of the variability in the wind speed can be predicted by the regression model. The R-squared is calculated using eq. 5.
𝑅𝑅2 = 1 −

∑𝑖𝑖(𝑦𝑦� − 𝑦𝑦𝑖𝑖 )2
∑𝑖𝑖(𝑦𝑦� − 𝑦𝑦𝑖𝑖 )2

(𝑒𝑒𝑒𝑒. 5)

where,
𝑦𝑦� = 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑜𝑜𝑜𝑜 𝑡𝑡ℎ𝑒𝑒 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣

The final ridge regression equation has a total of 25 variables. The value of the constant and some of the variable
weights of the equation are given in Table 2.
Table 2. Ridge Regression Equation Coefficients
Variable/Constant
Weight
Constant
17.56
Year
0.14
Month
-1.01
Hour
0.95
Apparent Temperature
-100.00
Humidity
-4.54
Pressure
-6.68
Temperature
99.30
UV Index
-201.00
Wind Bearing
-94.30
4.2 Polynomial Regression
The equation for polynomial regression is the same as eq. 1. The size of the equation depends on the highest
polynomial degree chosen. For example, a third-degree polynomial regression equation would have the constant, firstdegree, second-degree, and third-degree terms. Higher degrees are generally undesirable since they take longer time
to train the model; and can also lead to the overfitting problem. Overfitting means that the regression model is good
at predicting the training dataset but performs poorly on the testing dataset. The different learning rates and degrees
used for training are given in Table 3.
Table 3. Polynomial Regression Hyperparameters
Degrees
Learning Rates

1, 2, 3
0.00001, 0.0001, 0.001, 0.01, 0.1

The third-degree polynomial regression with a learning rate hyperparameter of 0.01 performs better than the other
degrees and learning rates based on the R-squared value.
The final polynomial regression equation has 2,925 variables. The value of the constant and some of the variable
weights of the equation are given in Table 4.
Table 4. Polynomial Regression Equation Coefficients
Variable/Constant
Constant
Year
Month

Weight
-3.19
10.19
-2.00
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Year*Year
Year * Month
Hour * Apparent Temperature
Hour * Humidity
Year*Year*Year
Year*Year* Month
Year * Hour * Apparent Temperature
Year * Hour * Humidity

7.20
-3.82
-24.69
-14.43
5.71
-1.24
-4.97
-0.72

4.2 Artificial Neural Network

Artificial neural network differs from the previous two models because it uses layers where predictions need to take
place and it does not consider the interaction effects. The structure of the ANN used for this problem is shown in
Figure 1. The neurons in any two adjacent layers of an ANN are inter-connected. The first layer, also called the
input layer receives the input values. The inputs then get processed by each neurons of the hidden layers. Then the
resulting output is generated from the output layer.

Each neuron has its own activation value. The activation values depend on the weights of the connections, bias of
the neurons, and the activation function. The equation of neuron activation is as given in eq. 6 below.
𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑜𝑜𝑜𝑜 𝑙𝑙 𝑡𝑡ℎ 𝑛𝑛𝑛𝑛𝑛𝑛𝑟𝑟𝑟𝑟𝑟𝑟 𝑜𝑜𝑜𝑜 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑘𝑘, 𝑎𝑎𝑘𝑘𝑘𝑘 = 𝑓𝑓 �𝑏𝑏𝑘𝑘𝑘𝑘 + � 𝑤𝑤𝑖𝑖𝑖𝑖−𝑘𝑘𝑘𝑘 ∗ 𝑎𝑎𝑖𝑖𝑖𝑖 �
𝑗𝑗

(𝑒𝑒𝑒𝑒. 6)

where,
𝑏𝑏𝑘𝑘𝑘𝑘 = 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑜𝑜𝑜𝑜 𝑙𝑙 𝑡𝑡ℎ 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑘𝑘
𝑤𝑤𝑖𝑖𝑖𝑖−𝑘𝑘𝑘𝑘 = 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ𝑡𝑡 𝑜𝑜𝑜𝑜 𝑡𝑡ℎ𝑒𝑒 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑗𝑗𝑡𝑡ℎ 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑖𝑖 𝑎𝑎𝑎𝑎𝑎𝑎 𝑙𝑙 𝑡𝑡ℎ 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑘𝑘
𝑓𝑓 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
𝑖𝑖 = 𝑘𝑘 − 1

The ANN used in this experiment has only one hidden layer as prescribed in Baghirli (2015), a single hidden layer
is good enough to capture complex non-linear relationships for the underlying problem. The ANN is trained using
different number of neurons in the hidden layer and the best one is chosen for final testing. A 50% dropout is used
after the hidden layer as a precaution against overfitting. It means that randomly 50% of the neurons are not used in
each epoch. One epoch is completed when the ANN is trained with all the training data samples. Lastly, there is
only one neuron in the output layer as this is a regression model. A linear activation function is used for all the
neurons. The training parameters of the ANN are listed in Table 5.
The learning rate of 0.01 with 40 neurons perform the best on the testing data based on R-squared values.
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Figure 1. ANN Architecture.
Table 5. Artificial Neural Network Training Parameters
Learning Rates
Number of Neurons in Hidden Layer
Backpropagation Algorithm
Batch Size
Epochs
Validation Split
Early Stopping Criterion

0.0001, 0.001, 0.01
20, 30, 40, 50, 60, 70
Stochastic gradient descent
3000. It means that gradients of 3000 data points are averaged to
update the parameter values as in eq. 3.
1000
20%. It means 20% of the training data is used for validation.
The training will stop if the validation mean square error does not
improve for 10 epochs.

The values of some of the weights and biases of the final ANN are given in Table 6.
Table 6. ANN Weights and Biases
Weight

Value

Bias

Value

𝑤𝑤11−21

-7.20e-04

𝑏𝑏21

0.52

𝑤𝑤11−23

1.53e-01

𝑤𝑤11−22

1.26e-01

𝑤𝑤21−31

0.79

𝑏𝑏22

-0.21

𝑏𝑏31

4.09

𝑏𝑏23

-0.31

4.4. Comparisons

Figure 2 shows the performance comparison of the three algorithms. The left-hand side of the figure shows the Rsquared values, and the right-hand side depicts the RMSE. The ANN algorithm gives the least R-squared value
while the polynomial regression provides the highest R-squared value of about 60%. RMSE value is the lowest at
about 3.07 for the polynomial regression model, while it is the highest for the ANN algorithm. Therefore, the
polynomial regression performs better than the other two algorithms on both metrics.
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The actual values and the predicted output from the three models on the test data are shown in Figures 3, 4, and 5 for
a detailed comparison. The horizontal axes represent the test sample number. The vertical axes show the wind speed
values in miles per hour corresponding to each sample. By carefully looking at the blue dashed plot (predicted) and
the red solid plot (actual wind speed) on the graphs, it can be observed that the ANN performs poorly, since there is
minimal overlap of the two plots. A perfect overlap would mean that an ideally perfect predictive model is being used,
which is not realistic as of now with the existing technology.

Figure 2. R-squared and RMSE comparison
The ridge regression performs well at predicting the low wind speed values. However, it underestimates the values
of the higher wind speeds. Lastly, the polynomial regression performs relatively better than the other two models in
both predicting the low and high wind speed values.

Figure 3. Prediction by Ridge Regression
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Figure 4. Prediction by Polynomial Regression

Figure 5. Prediction by ANN

5

Conclusions

In this paper, the predictive accuracy of three machine learning algorithms are compared by predicting the wind speed
at Pueblo, CO, USA over a large historical data set. Three-year data are collected from the Darksky website to
experiment with the algorithms. The models are trained using different hyperparameters, and the best hyperparameters
for each algorithm are selected to compare the algorithms. It is shown that polynomial regression performs better than
the other two models both in terms of R-squared and RMSE values over the given dataset.
In the future, the authors aim to extend the work in this paper by predicting the wind speed at a location based on data
collected from several different locations to suggest potential locations for wind turbine installation.
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