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Near Term Power PredicTioN 

wiNd eNergy is becomiNg a sigNificaNT 
player in the electricity supply market. However, 
the variability of power generation due to uncer-
tain wind supply has become a challenge in the 
operations and management of wind turbines. 
Data mining is an emerging science offering great 
potential to handle this challenge. The data uti-
lized to establish data-driven models has been 
collected from the SCADA (Supervisory Control 
and Data Acquisition) systems at a sampling fre-
quency of 0.1 Hz. 

modeliNg Power geNeraTioN 
In this article two types of data-driven wind power 
models are presented. The first model for power 
prediction is developed based on the power curve 

equation [1], frequently referred to in research and 
practice. In the power curve equation all parame-
ters, with the exception of the power coefficient, are 
measurable. Thus, to estimate the power generated 
from a wind turbine the power coefficient needs to 
be computed first. Data-mining algorithms are ap-
plied to train the model for the power coefficient. 

Besides estimating the turbine-generated power 
used on the power curve equation, data-mining 
algorithms can be directly applied to predict the 
power based on parameters such as wind speed, 
generator torque, and blade pitch angle. The ad-
vantage of this approach for predicting the power 
generation process is that the error amplified by 
some terms of the power curve equation can be 
mitigated. 

While the variability of wind has 
become a challenge in the operation 
and management of wind turbines, 
data mining is an emerging science 
that offers a solution.
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mUlTi-Period Power PredicTioN
These data-driven models are not only able to es-
timate the power generated at the current time, 
they are also able to predict the power gener-

ated in the future, such as 10 seconds to 1 minute 
ahead. In order to predict the generated power in 
the future, the future values of parameters of data-
driven models need to be predicted first. The sec-
ond model discussed in the next section is utilized 
to demonstrate short-term power predictions. 
Three parameters—wind speed, generator torque, 
and blade pitch angle—are considered in the mod-
el. The approaches to predict the future values of 
these parameters are discussed below.

Time-series wind speed Prediction model
In this section the data-driven approach is used to 
establish time-series models to predict wind speed 
by considering its past states. The logic behind 
constructing the time-series models to predict 
wind speed is illustrated in fig. 1.
Figure 1(a) demonstrates the one period (state) 
ahead prediction based on the past states. The four 
past states, i.e., the mean measured values over the 
intervals [t = –40, t = –30), [t = –30, t = –20), [t = 
–20, t = –10) and [t = –10, t = 0), are the inputs of 
the data-driven model to predict the mean value 
over the interval [t = 0, t = 10). The model itself 
is learned by a data-mining algorithm from the 
industrial data. Figure 1(b) shows the prediction 
of future values at two periods (states) ahead. The 
previously predicted mean value in the interval [t = 
0, t = 10) and the past observed values, [t = –30, t = 
–20), [t = –20, t = –10) and [t = –10, t = 0), are now 
treated as the inputs of the model to predict the future 
state. The prediction function for this state is learned 
by a data-mining algorithm. Figure 1(c) illustrates the 

fig. 1: Prediction with data-driven time series 
models.

Model MAE Std. of MAE MAPE Std. of MAPE

Neural networks 0.3835 0.3776 0.0592 0.0678

Support vector machine 0.4405 0.3712 0.1017 0.1566

k-nearest neighbor 0.5368 0.5079 0.0843 0.1263

Boosting tree 0.5277 0.4571 0.1252 0.2326

Random forest 0.8207 0.7578 0.1219 0.1326

Table 1: Testing 
results of five 
algorithms in 
wind speed 
prediction.
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three-state predictions ahead. The mean value 
of the future value in the time interval [t = 20, t 
= 30) is predicted using new inputs, the two past 
observed values in the intervals, [t = –20, t = –10) 
and [t = –10, t = 0), and the two previously pre-
dicted values over the intervals, [t = 0, t = 10) and 
[t = 10, t = 20). The formulation of a data-driven 
model to predict wind speed at one time interval 
(state) ahead is expressed as equation 1:  

      (1)
In this equation the parameters—i.e., the num-

ber of past states of wind speeds—need to be se-
lected. The importance analysis of the Boosting 
tree algorithm, which provides the capability 
to evaluate the contribution of past states to 
predict future value, is utilized here. Based 
on the importance analysis, the past states at 
time t – T, t – 2T, t – 3T, t – 4T, t – 5T and 
t – 6T, are then selected to estimate the wind 
speed at time t. The same five data-mining 
algorithms discussed in this section are used 
to develop the time-series model for wind 
speed prediction. Table 1 presents the test 
results of models extracted by five different 
algorithms, and Neural Networks is the most 
effective algorithm of the five to develop the 
time-series model.

Based on the model developed by a Neu-
ral Network, prediction of wind speed at t + 
20T, t + 30T, t + 40T, t + 50T and t + 60T can 
be produced by iteratively implementing the 
logic presented in fig. 3. Figure 2 illustrates 
the first 200 data points of predicting wind 
speed 20-50 seconds ahead.

Prediction of controllable Parameters
Prediction of future settings of controllable 
parameters is a complicated issue. How-
ever, in a short-term prediction such as one 
minute ahead an assumption that the future 
blade pitch angle and generator torque re-
main the same as the current value can be 
used to simplify the prediction process of 
the two controllable parameters, the genera-
tor torque, and the blade pitch angle.

The primary reason behind this assump-
tion is that the blade pitch angle, which the 
blades currently deploy in wind turbines, 
is essentially fixed below the rated wind 
speed, and therefore the probability that it 
will change in 60 seconds is small. The same 
logic can also be applied to the torque ramp 
rate. This assumption can be verified by the 
Markovian analysis of wind speed. 

The stochastic nature of the wind prompts 
modeling its behavior with Markov chains. 
The probability of the wind speed changing 

fig. 2: The first 200 data points of wind 
prediction 20-50 seconds ahead.
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between states is modeled in 
fig. 3. To develop the irreduc-
ible Markov chain in fig. 3 the 
wind speed is partitioned into 
10 intervals (states): [0m/s, 
3.5m/s), [3.5m/s, 5m/s), [5m/s, 
6m/s), [6m/s, 7m/s), [7m/s, 
8m/s), [8m/s, 9m/s), [9m/s, 
10m/s), [10m/s, 11m/s), [11m/s, 
12m/s), and [12m/s, ∞).

Table 2 shows the transition 
matrix that presents the proba-
bility of the wind speed change 
(increase or decrease) with 
the time change to the next 
minute. The rows and the col-
umns in Table 2 represent the 
wind speed intervals (states). 
As presented, the wind speed 
is likely to stay at its original 
state (interval) or its neighbor 
state in 60 seconds. For ex-
ample, if the wind speed at the 
current time is [6m/s, 7m/s), 
the probability that it will still 
remain in [6m/s, 7m/s) over 
the next 60 seconds is 0.7075, 
and the probability that it will 
move to the neighbor states, 
here [5m/s, 6m/s) or [7m/s, 
8m/s), in the next 60 seconds 
is 0.2352 (0.1058 + 0.1294).

Table 3 presents the sum-
mary of the probability of wind 
speed remaining at its original 
or neighbor state at future 
time intervals t +10-s, t + 20-s, 
t + 30-s, t + 40-s, t + 50-s, and 
t + 60-s.

multi-Period Prediction 
of wind Power
The modules of wind speed, 
generator torque, and blade 
pitch angle prediction dis-
cussed in the preceding two 
sections are then integrated to 
predict the power produced at 
different future intervals. Fig-
ure 3 shows the first 200 data 
points of power prediction 10-
60 seconds ahead.

coNclUsioN
In this article SCADA data was 
used to predict the power pro-
duced by a wind turbine at dif-
ferent intervals. Two different 
models were introduced. The 
first model learned the power 
coefficient function from the 

fig. 3: markov chain of the wind speed.
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fig. 4: multi-period prediction of generated power from wind turbine.

Table 2: Transition matrix of wind speed changes in 60 seconds.

WS 
Interval

[0, 3.5) [3. 5,5) [5, 6) [6, 7) [7, 8) [8, 9) [9, 10) [10, 11) [11, 12) [12,  ∞)

[0, 3.5) 0.8922 0.1015 0.0052 0.0007 0.0001 0.0001 0.0001 0.0000 0.0000 0.0000

[3.5, 5) 0.1618 0.6397 0.1550 0.0345 0.0075 0.0014 0.0001 0.0000 0.0000 0.0000

[5, 6) 0.0049 0.1213 0.6718 0.1574 0.0343 0.0084 0.0013 0.0005 0.0000 0.0000

[6, 7) 0.0002 0.0147 0.1058 0.7075 0.1294 0.0327 0.0071 0.0021 0.0003 0.0002

[7, 8) 0.0000 0.0026 0.0313 0.1949 0.4660 0.2276 0.0581 0.0146 0.0037 0.0013

[8, 9) 0.0000 0.0001 0.0047 0.0446 0.2288 0.4392 0.2027 0.0568 0.0176 0.0053

[9, 10) 0.0001 0.0000 0.0007 0.0101 0.0822 0.2766 0.3581 0.1775 0.0709 0.0238

[10, 11) 0.0001 0.0000 0.0000 0.0027 0.0214 0.1066 0.2606 0.3227 0.1986 0.0874

[11, 12) 0.0000 0.0000 0.0001 0.0005 0.0038 0.0347 0.1239 0.2637 0.3217 0.2516

[12, ∞) 0.0000 0.0000 0.0000 0.0000 0.0007 0.0040 0.0201 0.0622 0.1448 0.7682
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turbine data. The second model predicted 
the turbine power based on the value of the 
generator torque, blade pitch angle, and wind 
speed. The performance of the two models 
was impressive, with the second model dem-
onstrating a certain accuracy advantage. The 
performance of the models has been discussed 
in detail [2].
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State\Time  t + 10-s t + 20-s t + 30-s t + 40-s t + 50-s t + 60-s

[0, 3.5) 0.9998 0.9986 0.9974 0.9960 0.9947 0.9938

[3.5, 5) 0.9947 0.9831 0.9739 0.9676 0.9613 0.9565

[5, 6) 0.9911 0.9744 0.9662 0.9596 0.9532 0.9506

[6, 7) 0.9884 0.9683 0.9586 0.9529 0.9466 0.9428

[7, 8) 0.9722 0.9299 0.9129 0.9033 0.8951 0.8885

[8, 9) 0.9646 0.9176 0.8971 0.8863 0.8762 0.8707

[9, 10) 0.9458 0.8786 0.8488 0.8331 0.8240 0.8122

[10, 11) 0.9313 0.8536 0.8214 0.8044 0.7874 0.7819

[11, 12) 0.9571 0.9007 0.8725 0.8532 0.8444 0.8370

[12, ∞) 0.9797 0.9501 0.9354 0.9260 0.9186 0.9130

Table 3: Probability of 
wind speed remaining 
at the original or 
neighbor state.


