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Abstract 

The rapid development of wind power has provided a potential 
energy source in electrical power system. A number of 
forecasting methodologies have been proposed to predict wind 
power based on the historical meteorological data and the time-
scale framework. However, no forecasting techniques show the 
predominance over the others. A comprehensive understanding 
of wind power forecasting errors can lead to a better operational 
manner of electrical power system. Therefore, the primary 
purpose of this paper is to perform a statistical analysis of short-
term wind power forecasting errors based on practical wind 
power measurements. First of all, a short-term wind power data 
from Belgium was investigated. Secondly, the wind power 
forecasting errors were analyzed based on several statistical 
criteria. Thirdly, comparisons were made between the analyzed 
error distribution and the normal distribution which is 
commonly assumed in electrical power system simulation 
studies. Finally, a correcting method was proposed to improve 
the assumption of wind power forecasting error distribution.  

Keywords- Wind power, Forecasting, Error distribution, 
Statistical analysis 

 

INTRODUCTION 

The incorporation of wind power farms into electrical power 
system has been increasing dramatically in recent decades due 
to the rapid exhaustion of fossil fuels, cost effects, and 
environmental concerns. The wind power is one of the most 
attractive renewable energy technologies because of its high 
efficiency and low pollution [1]. The European Wind Energy 
Association’s new Central Scenario expects 320 GW of wind 
energy capacity to be installed in the EU in 2030, 254 GW of 
onshore wind and 66 GW of offshore wind. That would be more 
than twice as much as the installed capacity in 2014 (129 GW) 
and an increase of two thirds from the expected capacity 
installed in 2020 (192 GW) [2]. However, high penetration of 
wind generation into interconnected power systems has caused 
a number of problems to grid operators, such as the increased 
levels of variability and uncertainty of electricity supply, 
frequency control and transient stability. In this case, prediction 
of changes of the wind power production by using persistence-

type methods is often utilized in order to organize the spinning 
reverse capacity as well as to manage the grid operations [3]-
[6]. Unfortunately, the accurate prediction of wind production 
variations may not always be guaranteed when using these 
methods. Therefore, wind power forecasting methods and 
techniques can be proposed to solve these practical problems. 

According to time-scale classification, wind power prediction 
methodologies are generally divided into four different 
categories, namely immediate short-term, short-term, medium-
term, and long-term predictions [7]. Immediate short-term wind 
power prediction can refer to the data from few minutes to 1 
hour ahead, and the application of this prediction is for 
electricity market clearing, real-time grid operations, and 
regulation actions. Short-term prediction is for the data in the 
period from 1 hour to several hours ahead, and it is used for 
economic load dispatch planning, load reasonable decisions, 
and operational security in electricity market. The medium-
term range forecasts show the data prediction from several 
hours to 1 week ahead, and often used in unit commitment 
decisions, reserve requirement decisions, and generator 
online/offline decisions. Long-term forecasting classification is 
for a period extending from 1 week to 1 year or more ahead, 
and this type is useful in maintenance planning, operation 
management, optimal operating cost, and feasibility study for 
design of the wind farm. However, there are no absolute limits 
to the period, and immediate short-term and short-term 
predictions commonly refer as short-term forecasting as using 
in this paper. 

Forecasting models for wind power can be generally described 
in terms of physical models, traditional statistical methods, 
artificial intelligent (AI) approaches, and hybrid models. The 
physical forecasting models transform meteorological 
information at a certain time into the predicted wind speed by 
using physical-based equations, such as high resolution limited 
area based-numerical weather prediction model [8], model 
output statistics-based numerical weather prediction [9]. 
Statistical methods use the measured wind data to directly 
forecast electric power production, such as autoregressive 
model [10], autoregressive integrated moving average model 
[11], and exponential smoothing model [12]. The AI-based 
forecasting models with their associated learning ability can 
improve the prediction accuracy and represent the high 
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nonlinear relationship, such as neural network (NN) [13, 14], 
fuzzy logic systems [15, 16], and support vector machines [17]. 
The hybrid method combines the advantage of each type of 
model in a prediction framework in order to provide better 
accuracy and forecasting performance compared to individual 
models. Two different AI methods including NN and fuzzy 
logic were combined in an adaptive neural fuzzy system model 
[18]. A hybrid approach based on the combination of NN with 
wavelet transform was proposed for short-term wind power 
forecasting in Portugal [19]. 

However, no forecasting models and tools can generate a 
completed wind power prediction. The errors on wind power 
forecasts are usually a considerable concern in most wind 
integration studies, stochastic unit commitment models, and 
economic dispatch processes. The main sources of wind power 
forecasting errors are the errors on the wind prediction, local 
effects due to the terrain, non-uniformity of the wind in a wind 
park, non-linearity in the dynamics of wind turbines, unplanned 
outages etc. [20]–[22]. In most existing methods, the forecast 
error distribution is assumed to follow a normal distribution 
[23]-[25]. Unfortunately, this assumption may not be satisfied 
in most practical problems. When the wind power forecast error 
distribution consists of skewness and excess kurtosis, Weibull 
[26] and Beta [27] distributions have also been utilized. The 
assumption of error distribution can impact the final study 
results. In statistical regression methods, the error distribution 
is often assumed to be normally distributed with zero mean and 
constant variance. Although, the error distribution in most 
existing wind power forecasting studies was assumed to follow 
a normal distribution, the mean value of error distribution does 
not usually equal zero. Therefore, the main motivation of this 
paper is to investigate the statistical properties of short-term 
wind power forecasting errors from Belgian short-term wind 
power measurements. The analyzed results were compared to 
the commonly assumed normal distribution in electrical power 
system simulation studies. Finally, a transformed method was 
proposed to correct the normal distribution assumption in most 
wind power prediction methods.      

 

DATA ANALYSIS 

Belgian wind power data 

In this paper, wind power forecasting data from Belgian 
transmission system operator on their homepage [28] was 
analyzed. Belgium’s installed wind-power capacity is 
currently 1960.91 MW. There is a steady increase in the 
already significant level of such capacity, and this is expected 
to continue in the following years. An aggregate wind power 
generation was measured in MW and updated in every quarter 
of an hour. This is always the amount of power equivalent to 
the running average measured for that particular quarter hour. 
In this paper, the available wind power information was 
monitored from April 1st, 2017 to April 15th, 2017. The Belgian 

wind power generation and forecasting information is 
demonstrated in Figure 1. The solid line demonstrates the wind 
power forecasting data. The wind power forecasting data is 
shown by the dashed line. In the investigated period, the mean 
value of generated wind power was 155.83 MW, the maximum 
generated power value was 766.17 MW, and the minimum 
generated power value was 0.00 MW. In addition, the mean 
value of predicted wind power was 188.56 MW, the maximum 
predicted power value was 711.70 MW, and the minimum 
predicted power value was 0.50 MW. 

 
Figure 1. Belgian wind power generation and forecasting  

 

Statistical background 

In this study, several statistical techniques were applied to 
analyze the Belgian wind power measurements. The range of 
values that a continuous random variable may take is normally 
represented by a probability density function or density. The 
normal or Gaussian distribution is often assumed to describe 
wind forecasting error distribution. The first two standardized 
moments including mean 𝜇 and standard deviation 𝜎 (or 
variance 𝜎2) are frequently used to provide important 
information about wind power forecasting error distribution. 
In statistics, while the third moment (i.e., skewness) provide a 
measure of the asymmetry of a probability distribution, 
kurtosis is a measure of the peakedness of a distribution and 
also the weight of the distribution’s tails. When an observed 
data set belongs to a normal distribution, both the skewness 
and kurtosis values close to zero. In addition, a histogram is an 
effective graphical representation for showing both the 
skewness and kurtosis of a data set. The histogram is an 
estimate of the probability distribution of a continuous variable 
in bar chart. In addition, a quantile-quantile (Q-Q) plot is used 
to compare the probability distribution obtained from the 
Belgian wind power data set and the corresponding normal 
distribution by plotting their quantiles against each other. 
Moreover, a probability plot shows the similarities between the 
distribution of the observed data set and the associated normal 
distribution. The Anderson-Darling (i.e., AD) test in this plot 
can be used to examine the non-normality of the data set with 
the 95% confidence interval (i.e., at a significance level 𝛼 =

0.05). An empirical cumulative distribution function (i.e., cdf) 
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plot is used to evaluate the fit of a distribution to wind power 
data, estimate percentiles, and compare different sample 
distributions. However, the fitted distribution in an empirical 
cdf plot does not form a straight line as in a probability plot. 
The statistical MINITAB software and MATLAB software 
were utilized to perform the statistical analysis in this paper. 

RESULTS 

The impact of wind power forecasting error distribution on 
system operations will be analyzed in this section. The 
distribution of wind power forecasting errors observed in 
fifteen days from Belgian transmission system was 
investigated. Conventionally, error wind power value (i.e., 
𝜀𝑝𝑜𝑤𝑒𝑟) is equal to the forecast value (i.e., 𝑃𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡) minus the 
realized value (i.e., 𝑃𝑎𝑐𝑡𝑢𝑎𝑙) as shown in Equation (1) as 
follows: 

 𝜀𝑝𝑜𝑤𝑒𝑟 = 𝑃𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 − 𝑃𝑎𝑐𝑡𝑢𝑎𝑙 . (1) 

One of the traditional methods to examine statistical 
distribution is to plot a histogram. Figure 2 shows a histogram 
of the observed wind power forecast errors for Belgian 
transmission system in 2017. 

 

 
Figure 2. Histogram of the observed wind power forecast 

errors in the Belgian transmission system in MW 

 

 

As shown in Figure 2, the dotted line shows a normal 
distribution with the same mean (32.72 MW) and standard 
deviation (67.48 MW) as the observed errors. The mean value 
(32.73 MW) shows the positive mean bias. Figure 2 also shows 
the number of investigated data points (N = 1440). The 
observed error distribution is more peaked, with the fatter tails 
than the associated normal distribution. The error distribution 
is also positive skew and leptokurtic.  

 

Although, the histogram in Figure 2 obviously indicates that 
the wind power error distribution is non-normal, another 
statistical criterion such as normal Q-Q plot can be provided to 
examine the normality of this distribution. A normal Q-Q plot 
of Belgian wind power forecast errors drawn by MATLAB 
software is shown in Figure 3. The line in the graph passes 
through the first and third quantiles of the observed data. If the 
observed errors were well represented by a normal distribution, 
all observations would lie on the straight line. Similar to Q-Q 
plot, additional assurance of non-normality was provided by 
performing the probability plot with the corresponding 
confidence intervals. The probability plot of Belgian wind 
power forecasting errors with the associated 95% confidence 
intervals obtained by using statistical MINITAB software is 
shown in Figure 4. 

 

 

 

Figure 3. Q-Q plot of Belgian wind power forecast errors 

 

 
Figure 4. Probability plot of Belgian wind power 

forecasting errors with the associated 95% confidence 
intervals 
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Three solid lines in Figure 4 show a normal distribution with 
the same mean and standard deviation with the associated 95% 
confidence intervals. The wind power errors shown as the solid 
circles in Figure 4 outside the 95% confidence intervals 
indicate that wind power error distribution is non-normal. Both 
AD test value (33.125 greater than 0.641) and p-value (less 
than 0.005) demonstrate the null hypothesis of the forecast 
error data coming from a normal distribution was rejected at a 
significance level of α = 0.05. Another way by which 
distributions can be compared is through the plotting of their 
cdfs. Figure 5 shows the cdf of the observed errors and the 
normal distribution based on those errors. The fitted normal 
distribution with the same mean and standard deviation is 
displayed by the dashed line.    

 
Figure 5. A cdf plot of Belgian wind power forecasting 

errors 

 

All figures (2)-(5) showed that the wind power forecasting 
errors are not normally distributed which is frequently assumed 
in the existing wind power forecasting studies. However, the 
obtained mean value of errors in the fitted normal distribution 
(i.e., 32.73 MW) shown in Figures (2)-(5) are not zero. By 
improving this mean value, the accuracy of wind power 
forecasting methods can be increased. The corrected wind 
power forecast are transformed by subtracting the mean value 
of wind power forecast errors from wind power forecast as 
follows: 

 𝑃𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡
𝑐𝑜𝑟𝑟𝑒𝑐𝑡 = 𝑃𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 − 𝐸(𝜀𝑝𝑜𝑤𝑒𝑟) (2)         

where 𝑃𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑐𝑜𝑟𝑟𝑒𝑐𝑡  and 𝐸(𝜀𝑝𝑜𝑤𝑒𝑟) are the corrected wind power 
forecast and the average of wind power forecast errors, 
respectively. From Equation (2), the corrected wind power 
forecast errors (i.e., 𝜀𝑝𝑜𝑤𝑒𝑟𝑐𝑜𝑟𝑟𝑒𝑐𝑡) can be calculated as follows: 

 𝜀𝑝𝑜𝑤𝑒𝑟
𝑐𝑜𝑟𝑟𝑒𝑐𝑡 = 𝑃𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡

𝑐𝑜𝑟𝑟𝑒𝑐𝑡 − 𝑃𝑎𝑐𝑡𝑢𝑎𝑙 . (3) 

Based on Equation (3), the fitted normal distribution of 
corrected wind power forecast errors has zero mean and can be 
shown in a histogram plot as in Figure 6. The solid line in 
Figure 6 shows that the fitted normal distribution of corrected 

errors has a zero mean and the same standard deviation with 
the previous errors in Figure 2.  

 
Figure 6. Histogram of the corrected wind power forecast 

errors in the Belgian transmission system in MW 

 

CONCLUSIONS 

In this study, the wind power information including the 
forecast data and actual data from Belgian transmission system 
operator was investigated. In addition, the short-term wind 
power errors were analyzed by using several statistical 
methods, such as histogram plot, quantile-quantile plot, 
probability plot, Anderson-Darling test, and empirical 
cumulative distribution function plot. The wind power forecast 
error distribution has been shown to not follow a normal 
distribution. In case, the errors are normally distributed as 
frequently assumed in several existing wind power forecasting 
studies, the mean value of the fitted distribution is not zero. 
Therefore, a transformed method was proposed in order to 
correct the fitted normal distribution with zero mean. The 
proposed method is presumed to reduce the wind power 
forecasting errors of existing prediction methods. For further 
studies, the Belgian short-term wind power forecasting errors 
and the solar-PV power forecasting errors in the same electrical 
power system will be statistically analyzed. In addition, the 
impact of these power forecasting errors to generation 
schedules, strategic reverse, and balancing can be investigated.    

  

REFERENCES 

 

[1] Chang, W. Y., 2013 “Short-term wind power 
forecasting using EPSO based hybrid method,” 
Energies, 6, pp. 4879-4896. 

[2] EWEA, 2015, Wind energy scenarios for 2030, a 
report by the European Wind Energy Association - 
August 2015. 

3002001000-100-200

1.0

0.8

0.6

0.4

0.2

0.0

Forecast error

P
r
o
b
a
b
il

it
y

Mean 32.73
StDev 67.48
N 1440

Empirical CDF of error

Normal distribution

240180120600-60-120-180

25

20

15

10

5

0

Corrected errors

P
e
r
c
e
n

t

Mean 2.344791E-14
StDev 67.48
N 1440

Histogram of corrected errors

Normal distrbution



International Journal of Applied Engineering Research ISSN 0973-4562 Volume 12, Number 10 (2017) pp. 2306-2311 
© Research India Publications.  http://www.ripublication.com 

2310 

[3] Doherty, R., and O’Malley, M., 2003, “Quantifying 
reserve demands due to increasing wind power 
penetration,” in Proc. IEEE Power Tech Conf., 
Bologna, Italy, 2, pp. 23–26. 

[4] Doherty, R., and O’Malley, M., 2005, “A new 
approach to quantify reserve demand in systems with 
significant installed wind capacity,” IEEE Trans. 
Power Syst., 20(2), pp. 587–595. 

[5] Hatziargyriou, N., Tsikalakis, A., Dimeas, A., 
Georgiadis, D., Gigantidou, A., Stefanakis, J., and 
Thalassinakis, E., 2004, “Security and economic 
impacts of high wind power penetration in island 
systems,” in Proc. Cigre Session, Paris, France. 

[6] Castronuovo, E. D., and Lopes, J. A. P., 2004, “On 
the optimization of the daily operation of a wind-
hydro power plant,” IEEE Trans. Power Syst., 19(3), 
pp. 1599–1606. 

[7] Chang, W. Y., 2014, “A literature review of wind 
forecasting methods”, J. Power and Energy Eng., 2, 
pp. 161-168. 

[8] Landberg, L., 1998, “A mathematical look at a 
physical power prediction model”, Wind Energy, 
1(1), pp.23 –28. 

[9] Focken, U., Lange, M., Mönnich, K., Waldl, H., 
Beyer, H., and Luig, A., 2002, “Short-term prediction 
of the aggregated power output of wind farms - A 
statistical analysis of the reduction of the prediction 
error by spatial smoothing effects”, J. of Wind Eng. 
and Ind. Aero., 90(3), pp. 231 - 246. 

[10]  Taylor, J., and McSharry, P., 2007, “Short-term load 
forecasting methods: An evaluation based on 
European data,” IEEE Trans. Power Syst., 22(4), pp. 
2213–2219. 

[11]  Conejo, A., Plazas, M., Espinola, R., and Molina, A., 
2005, “Day-ahead electricity price forecasting using 
the wavelet transform and ARIMA models,” IEEE 
Trans. Power Syst., 20(2), pp. 1035–1042. 

[12]  Deng, J., and Jirutitijaroen, P., 2010, “Short-term 
load forecasting using time series analysis: A case 
study for Singapore,” in Proc. IEEE Conf. CIS, pp. 
231–236. 

[13]  Hippert, H., Pedreira, C., and Souza, R., 2001, 
“Neural networks for short-term load forecasting: A 
review and evaluation,” IEEE Trans. Power Syst., 
16(1), pp. 44–55. 

[14]  Da Silva, A., and Moulin, L., 2000, “Confidence 
intervals for neural network based short-term load 
forecasting,” IEEE Trans. Power Syst., 15(4), pp. 
1191–1196. 

[15]  Khosravi, A., Nahavandi, S., Creighton, D., and 
Srinivasan, D., 2012, “Interval type-2 fuzzy logic 
systems for load forecasting: A comparative study,” 
IEEE Trans. Power Syst., 27(3), pp. 1274–1282. 

[16]  Hidalgo, D., Melin, P., and Castillo, O., 2012, “An 
optimization method for designing type-2 fuzzy 
inference systems based on the footprint of 
uncertainty using genetic algorithms,” Expert Syst. 
Appl., 39(4), pp. 4590–4598. 

[17]  Mohandes, M., Halawani, T., Rehman, S., and 
Hussain, A., 2004, “Support vector machines for wind 
speed prediction,” Renewable Energy, 29(6), pp. 939-
947. 

[18] Negnevitsky, M., Johnson, P., and Santoso, S., 2007, 
“Short-term wind power forecasting using hybrid 
intelligent systems,” Proceedings of the IEEE power 
engineering society general meeting, Tampa, Florida, 
USA. 

[19]  Catalão, J., Pousinho, H., and Mendes, V., 2011, 
“Short-term wind power forecasting in Portugal by 
neural networks and wavelet transform,” Renewable 
Energy, 36, pp. 1245-1251. 

[20]  Monteiro, C., Bessa, R., Miranda, V., Botterud, A., 
Wang, J., and Conzelmann, G., 2009, “Wind Power 
Forecasting: State-of-the-Art 2009,” Decision and 
Information Sciences, and INESC Porto, tech. rep., 
Argonne National Laboratory, United States. 

[21]  Pinson, P., 2006, “Estimation of the uncertainty in 
wind power forecasting,” PhD thesis, Ecole des 
Mines de Paris. 

[22]  Moehrlen, C., 2004, “Uncertainty in wind energy 
forecasting uncertainty in wind energy forecasting,” 
PhD thesis, University College Cork. 

[23]  Doherty, R., and O'Malley, M., 2005, "A new 
approach to quantify reserve demand in systems with 
significant installed wind capacity," IEEE Trans. on 
Power Systems, 20, pp. 587–595. 

[24]  Pappala, V., Erlich, I., Rohrig, K., and Dobschinski, 
J., 2009, "A stochastic model for the optimal 
operation of a wind-thermal power system," IEEE 
Trans. on Power Systems, 24, pp. 940–950. 

[25]  Ortega-Vazquez, M., and Kirschen, D., 2009, 
"Estimating spinning reserve requirements in systems 
with significant wind power generation penetration," 
IEEE Trans. on Power Systems, 24, pp. 114–124. 

[26]  Dietrich, K., Latorre, J., Olmos, L., Ramos, A., and 
Perez-Arriaga, I., 2009, "Stochastic unit commitment 
considering uncertain wind production in an isolated 
system," in 4th Conference on Energy Economics and 
Technology, Dresden, Germany. 



International Journal of Applied Engineering Research ISSN 0973-4562 Volume 12, Number 10 (2017) pp. 2306-2311 
© Research India Publications.  http://www.ripublication.com 

2311 

[27]  Bludszuweit, H., Domínguez-Navarro, J. A., and 
Llombart, A., 2008, "Statistical analysis of wind 
power forecast error," IEEE Trans. on Power 
Systems, 23, pp. 983 - 991. 

[28]  Belgian wind power generation and forecasts. 
Available online: http://www.elia.be/en/grid-
data/powergeneration/wind-power (accessed on April 
15th, 2017). 

 


