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Abstract: Numerous studies on wind power forecasting show that random errors found in the
prediction results cause uncertainty in wind power prediction and cannot be solved effectively using
conventional point prediction methods. In contrast, interval prediction is gaining increasing attention
as an effective approach as it can describe the uncertainty of wind power. A wind power interval
forecasting approach is proposed in this article. First, the original wind power series is decomposed
into a series of subseries using variational mode decomposition (VMD); second, the prediction model
is established through kernel extreme learning machine (KELM). Three indices are taken into account
in a novel objective function, and the improved artificial bee colony algorithm (IABC) is used to
search for the best wind power intervals. Finally, when compared with other competitive methods,
the simulation results show that the proposed approach has much better performance.

Keywords: wind power prediction; prediction intervals; variational mode decomposition; kernel
extreme learning machine; artificial bee colony algorithm

1. Introduction

Wind power is rapidly growing due to its clean, renewable characteristics and mature technology.
To solve the problems of serious environmental pollution and fossil energy depletion, clean energy
will gradually replace fossil energy, and wind power will become increasingly important in the grid.
However, its intermittency and uncertainty has brought great challenges to the operation of the grid.
Therefore, high-quality wind power prediction is an important means of ensuring the safe and stable
operation of the power system.

Much research on wind power prediction methods has been conducted and some of the
mainstream wind power forecasting methods and systems along with their practical applications are
summarized in Reference [1]. Broadly speaking, the approaches for wind speed and power forecasting
can be divided into three categories: physical forecasting approaches, statistical forecasting approaches,
and combination approaches [2].

Physical approaches basically deal with the transformation of numerical weather prediction
(NWP) data into wind-electric power. They perform well over a longer horizon, but are limited by
the accuracy of the NWP data. Statistical approaches generally use historical data to build statistical
models that show good performance for short-term forecasts. The combination approach combines
different approaches and retains the advantages of each one; however, this is not always better than
the best individual forecasts.

Numerous approaches have been proposed for forecasting wind speed and wind power. However,
most existing approaches focus on point forecasting, where the prediction errors that exist cause
uncertainties to the forecast results. Furthermore, Reference [3] made a comparison of a series of
well-known wind power forecasting methods where the accuracy of those methods was found to be
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less than reported. In addition to point prediction, the uncertainty estimation can provide fluctuation
intervals of wind power, which will give a more comprehensive reference to grid dispatchers
and operators.

The uncertainty prediction of wind power can be divided into three categories, i.e., probabilistic
forecasts, risk indices, and scenarios of generation. In recent years, probabilistic forecasting has
received much attention; however, the conventional methods of probabilistic forecast often require
special prior assumptions of error distribution [4]. It was found that the probability density function of
forecast errors varied greatly in Reference [5], which means that it is not reasonable to assume a specific
distribution of the forecast errors. Quantile regression [6], the kernel density forecast method [7],
and the Gaussian process [8,9] were used to present probabilistic wind power prediction intervals (PIs)
without any assumption; however, the construction methods of PIs require complex mathematical
calculations or rely on results from point forecasting. An upper and lower bound estimation
(LUBE) approach that uses the prediction interval coverage probability (PICP) and the prediction
interval normalized average width (PINAW) to evaluate the PIs was proposed in Reference [10].
However, it was proved in Reference [11] that the coverage width-based criterion (CWC) score used in
Reference [10] did not have suitable properties in which to evaluate the PIs. Furthermore, the CWC
score could not measure the PIs in a comprehensive way as the deviation of the data not covered by
the PI was not considered. The interval deviation index was taken into account in the interval score
as an additive term to the interval width index in References [12,13], but it was difficult to decide
which one was more important given that the interval deviation has a tendency to decrease as the
interval width increases. Therefore, three indexes—PICP, PINAW and normalized average deviation
(NAD)—were used to evaluate the PIs in this study. In addition, a novel multi-objective function that
could satisfy all the criteria was used to construct the optimal PIs.

Moreover, the inherent characteristics of wind power sequences were not considered in the
previous methods. To resolve this problem, the wavelet transform [14] and ensemble empirical mode
decomposition (EEMD) methods [4] were employed to decompose the original wind power time series
into several components, and proved to be superior to the method without decomposition. Variational
mode decomposition (VMD) proved to be excellent compared to the EEMD [15] and was adopted in
this study.

Neural network was used to obtain PIs in Reference [16], and the extreme learning machine
(ELM) employed in Reference [17] was proven to be superior to neural network (NN)-based methods.
However, ELM also has some drawbacks, which include difficulties in determining the number
of hidden layer nodes, and the lack of consideration of structural risk, which leads to over-fitting.
The kernel extreme learning machine (KELM) which is described in Reference [18] was adopted to
improve the generalization and stability of the forecasting model, and an improved artificial bee colony
algorithm (IABC) was used to optimize the penalty coefficient C and kernel parameter ¢ of KELM.

In summary, the main contributions of this article are: (1) applying KELM (optimized by IABC) to
obtain PIs as KELM has good generalization and stability; and (2) introducing a novel multi-objective
function, which provides a powerful authority to the decision-maker for satisfying all the indices.

The rest of this paper is organized as follows. The overall structure and theoretical knowledge of
the approach proposed are described in Section 2. The method of constructing optimal PIs is depicted
in Section 3, and the simulation results of the proposed approach compared with other methods are
presented in Section 4. Finally, conclusions are drawn in Section 5.

2. Proposed Approach for Forecasting Wind Power Intervals

The structure of the proposed approach had two stages (Figure 1). In the first stage, the wind
power sequence was decomposed into several subseries using VMD, and the subseries were then
grouped into reconstructed components using sample entropy (SE) theory. In the second stage,
the optimal wind power PIs were constructed using KELM and IABC. A novel multi-objective function
to construct the optimal PIs was also proposed. A description of the hybrid approach is given below.
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Figure 1. Structure of the approach for wind power interval prediction.

2.1. Variational Mode Decomposition

Variational mode decomposition is an adaptive signal decomposition method proposed by
Dragomiretskiy and Zosso [19]. It is used to decompose the original signal into a series of band-limited
modes 1, where the center of each mode is pulsation wy.

The bandwidth of each mode is obtained through the following steps: First, the associated analytic
signal of each mode is computed using Hilbert transform to obtain a unilateral frequency spectrum;
second, each mode’s frequency spectrum is shifted to baseband by mixing with an exponential tuned to
the estimated center frequency; finally, the bandwidth is obtained through the H! Gaussian smoothness
of the demodulated signal. The resulting constrained variational problem is shown as follows:

J »

where, J is the Dirac distribution, k represents the number of modes, * denotes convolution, {u}
and {wy} represent the set of all modes {uy,---,u;} and their center frequencies {wy,--- ,w},
respectively.

Making use of a quadratic penalty term and Lagrange multipliers, the constrained variational

i {0 [(00+ ) -uto]eoss

sty up=f
k

problem can be addressed as follows:

L({ue}, (orh A) = 2 [0 [(806) + ) =y (1) i
+{(M0. 50 - Zu)
k

o - zuo] )

The detailed process is described in Reference [19], and the pseudocode of the VMD method is
shown below (Algorithm 1).
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Algorithm 1 Process of VMD

Initialize {a} }, {w}}, AL, n 0

repeat
n<—n+1
fork=1:Kdo
Update il for all w > 0:

il F@0) = Eig 0 (@) — g 8 () + 24

Uk (aﬂ « 1+2a@u7wgf

Update wy:

n+1 . f An+1 ‘ dw/fo An+1 )‘zdw

end for

Dual ascent for all w > 0:
At (W) = AM(w) + 1(f(w) - Z ! (w))

An+1

until convergence: Y || — uZHZ/Hﬁk Hi <e

where o represents the variance of the white noise. The solutions can be expressed as:

i1, (@) = T ti(w) + Aw) /2
i w) = 1+ 20(w — wk)2 ®

co A 2
e relidw) Paw
=
fo |k (w \ dw

where #(w), #;(w), AMw) and u”“( w) represent the Fourier transforms of u(w), u;(w), A(w) and

ZH (w), respectively, and n denotes the number of iterations. Based on a large number of simulation

tests, the maximum number of iterations n was set as 500.

(4)

2.2. Sample Entropy

Sample entropy (SE) was used to calculate the complexity of the subseries. The more complex
the series, the greater its SE value. The SE value of one series is denoted by SE(N, m, ), which is
defined as the negative logarithm of the conditional probability that two sequences similar for m points
remain similar at the next point, excluding self-matches. N is the number of data points, m denotes the
embedding dimension, and r denotes the tolerance. The description of the SE technique can be found
in Reference [20].

The SE value is related with m and r, but its increase or decrease trend is not affected by m and r
for it has a good consistency. Generally, the value of m is 2, and r equals 0.1-0.25 SD in which 5D is the
standard deviation of the time series.

2.3. Kernel Extreme Learning Machine

To improve the generalization and stability of ELM, the kernel function was introduced to propose
the KELM algorithm. The output function of KELM can be written compactly as follows [18]:

K(x,x1)
fo) =R 1/CHE T = | |1/ Qpa T 5)
K(X,XN)

where [ is a diagonal matrix, C is the penalty coefficient, T is the matrix of targets, H is the hidden-layer
output matrix and kernel matrix Qg ps is defined as follows:

Qprm = HHT : Qppaij = h(x;) - h(xj) = K(x;, x)) (6)
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The hidden layer feature mapping h(x) does not need to be known to users, and the dimensionality
L of the feature space (number of hidden nodes) also does not need to be given. However, the
performance of KELM is sensitive to the penalty coefficient C and kernel parameter ¢; therefore, the
Bat-inspired algorithm was used to optimize these two parameters.

2.4. Artificial Bee Colony Algorithm and Its Modification

The artificial bee colony algorithm is an optimization algorithm that was proposed by Karaboga in
2005 and a detailed description of artificial bee colony algorithm (ABC) can be found in Reference [21].
In this paper, the position of each food source represented a solution which contains the values of the
penalty coefficient C and the kernel parameter o for the KELM.

In each iteration, an onlooker bee chooses a food source depending on the probability value
defined in Equation (7):

s
Pi=fi/) fi )
k=1

where f; is the fitness of solution x;, and S is the number of food sources equal to the number of
employed bees or onlooker bees.
The employed bees search for the food source according to Equation (8):

Xig = Xig + Pia(Xia — Xxa), $ia € [~1,1] ®)

where ¢;; is a random number; i = 1,2,---,5;d = 1,2, -+, D in which D is the dimension of the
solution space; and k is different from i.

After the evaluation of each candidate source, if the fitness is not improved, then the associated
food source is abandoned and the employed bee becomes a scout. The scout discovers a new food
source according to Equation (9):

Xjg = XTI 4 rand (0, 1) (x7@ — xin) )

To decrease the possibility of the local optimum, an improved ABC—based on opposition-based
learning—was proposed in Reference [22]. The modification strategy can be described as follows:

For each food source, a random value A was generated and compared with an adaptive variable
PM which was defined as PM = 0.01 + 0.1 x (2 — e8!n(2)/G) where g and G represent the current
number and the maximum number of iterations. If A < PM, then opposition-based learning was
carried out. Opposition-based learning is depicted below:

Xy = xF + XN 4 rand x x;y (10)

3. Construction of Optimal PIs

3.1. Reliability and Sharpness of Pls

Reliability and sharpness are required and desirable properties for evaluating the probabilistic
forecast [23]. The PIs are composed of an upper and lower boundary with a certain probability level.
PI coverage probability and PI normalized average width [24] are commonly used to describe the
reliability and sharpness of the constructed PIs and are defined as follows:

1 Prediction interval coverage probability (PICP)
Ni
ci x 100% (11)

Ipicp = N
i=1
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where N denotes the number of prediction points, ¢; = 1 when the target value t; € [U;, L;] in
which L; and Uj are the lower and upper bound of each PI, otherwise c; = 0.
2 Prediction interval normalized average width (PINAW)

N

1
Ipinaw = ﬁz (U; — L) (12)
i=1

where R is the range of the target values and is used to normalize the average width of PIs.

PICP is used to describe the reliability of the constructed PIs, and PINAW is used to characterize
the sharpness of the PIs. However, these two indices are not enough to evaluate the Pls.
For example, when the Ipicp and Ipiyaw of two Pls are the same, the optimal PI cannot be
judged if the real data are not covered by the PIs and the deviation from the upper bound
(or lower bound) is different. Therefore, the normalized average deviation was introduced in
this study.
3  Normalized average deviation (NAD)

The NAD is used to express the deviation of the data which are not covered by the PL

1
I =) ¢ 13
NAD N;:{ € (13)
where the expression of ¢; is as follows:

(Li —t)/t;, t; < L
g = 0, t; € [Li, ui] (14)
(t; =U;)/t, t; > U;

3.2. The Objective Function of Pls

The optimal PIs with high reliability (i.e., the coverage probability of Pls will be as close to the
prescribed nominal level of confidence as possible), narrow average width, and small accumulated
deviation are required, which can be expressed as a multi-objective optimization problem. However,
these three indices conflict with each other, for example, when the PICP increases, the PINAW increases
correspondingly; when the NAD decreases, the PICP usually tends to increase.

It is not possible to simply translate a multi-objective optimization problem into a single-objective
solution as the multiple objects are incommensurable (without uniform metrics between targets,
it is difficult to directly compare the targets) and conflict with each other. Therefore, a Pareto-based
method was proposed in this paper to construct a multi-objective model, which could overcome the
random selection of target weights and the difficulty in dealing with objects with different dimensions.
The concrete method of constructing the multi-objective model is as follows.

For the convenience of solution, the problem of making Ipicp close to the corresponding PI
nominal confidence (PINC) is transformed into the minimization problem of coverage probability
error Icpg through Equation (15):

Icpe = |Ipine — Ipicp| (15)

Generally, a smaller Icpg indicates more reliable PIs. As the PIs with a low confidence level
are meaningless, a 90% confidence level was required in this study. Therefore, the multi-objective
optimization model was established as follows:

f = min{Icpg(w), Ipinaw (w), Inap(w)}
s.t. IPINAW(C‘]) >0 (16)
Inap(w) >0
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where w is the output weight of the KELM and is optimized by IABC. The proposed multi-objective
optimization method was based on the Pareto theory, which is depicted below [25,26].

The Pareto optimum solution set is a solution set that provides a set of alternatives for
decision-makers for flexible choice. In the Pareto optimum solution set, there is no solution that
is definitely better than another, and it can be explained by dominant and non-dominant concepts.
For example, X; and X; are assumed as the resultant solutions, and the objective functions are f1, f»,
and f3. If f1(X1) < f1(Xp) and f2(X1) < f2(X2) and f3(X1) < f3(X3), then X; dominates X5; if f1(X7) >
f1(X2) and f»>(X1) > f2(X3) and f3(X1) > f3(X?), then X, dominates X;. Otherwise, X; and X, do not
dominate each other, and they are called non-dominant solutions, which create the Pareto optimum
solution set. Thus, selecting a solution from the Pareto optimum solution set provides great flexibility.
The relative optimal solution was chosen through the technique for order preference by similarity to
an ideal solution (TOPSIS) [27].

3.3. Prediction Process

The flowchart of the proposed approach for constructing Pls using KELM optimized by IABC is
shown in Figure 2, and the detailed steps are as follows.

Start

Input the training data, validation data, testing data, and
parameters of KELM and IABC

y

Produce initial populations, and apply KELM to the training
data and validation data to obtain the PIs.

y

Evaluate fitness of all the food sources, and store the
nondominant solutions in the Pareto solution set

y

Employed bees search for new food
sources according to Eq. (8)

Onlookers choose food source by Eq. (7) and search
for new food sources according to Eq. (8)

L]

Select the scout and explore new food
source according to Eq. (9)

opposition-
based learning

Generate a solution according to
equation (10)

I Update the Pareto optimum solution set Id—

Output the Pareto solution set, apply the Pareto
solution set to the testing set and output the PIs

End

Figure 2. Flowchart of the prediction approach using KELM-IABC.
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Step 1: Input the training data, validation data, testing data, and the initial parameters of the
KELM and IABC. The output data of the training set is processed as per Equation (17) to form the
initial output intervals of the training set:

Y; = [yi(1 — 25%R), y; (1 + 25%R)] (17)

where y; is the original output, Y; is the processed output interval, and R is a random number of the
interval [0, 1].

Step 2: Produce the initial population. Apply the KELM with initial parameters to the training set
to obtain the weighting factor w, which is then applied to the validation data.

Step 3: Compare the real data and the PIs obtained from the validation set, and calculate the
indices based on Equations (11)—(15) to form the objective functions according to Section 3.2.

Step 4: Put the solutions of all food sources into the Pareto optimal solution set and delete the
dominant solutions.

Step 5: In each iteration, make use of the IABC to optimize the parameters of the KELM, calculate
the objective functions using the Pls obtained from the validation set, and update the Pareto solution
set. Thus, the optimal KELM models can be obtained.

Step 6: Apply the optimal models to the testing set, choose the relative optimal solution using
TOPSIS, and output the results of wind power PIs.

4. Numerical Results and Discussions

To evaluate the performance of the approach proposed in this paper, the approaches using KELM
and ELM were compared to prove the superiority of KELM. Next, the approach using the interval
score [13] (defined in Equation (18)) was compared with the Pareto-based approach to verify the
superiority of the multi-objective function proposed in this paper. In addition, the approach where
only two indices (Ipjcp and Ipinaw) were used and the approach using quantile regression were
compared with the proposed approach. The detailed simulation results are shown in Section 4.2.

—szg’,t(xi) — 4[Lt(xi) — ti}r lf t; < Lt(xi)
St(xi) = —ZDcCt(xi), Zf Ut(xi) <t < Lt(xl-) (18)
—sz@(xi) — 4[ti — th(xi)], lf t; > Ut(xl'>

where ¢ represents the width of the PI, « =1 — PINC.

4.1. Dataset and Parameter Settings

In the studies, the data used for testing was from two wind farms (i.e., wind farm M and wind
farm J) located in northern China and southern China, respectively. The capacity of wind farm M is
50 MW, and the data was recorded in 15 min interval. The capacity of wind farm ] is 95 MW, and the
data was recorded in 5 min interval. Taking the data of one month as an example, the data were
divided into three groups of training samples, validation samples and testing samples at a proportion
of 60%, 20% and 20%, respectively.

Regarding the VMD algorithm, the number k of modes should be assigned in advance. It is
shown that too few modes result in the incomplete decomposition of the signal, and too many modes
may lead to over-decomposition or extra noise. The optimal mode number can be selected using the
difference between the center frequencies of the subseries S(k) and S(k — 1), as the center frequency is
closely related to the decomposition results of VMD [28]. By decomposing the historical wind power
series, it was found that the value of Af tended to be stable when the value of k was from one to nine.
Furthermore, the simulation results showed that number of subseries in the EEMD process was nine.
Thus, the number of modes was set as nine. The other parameters in the VMD process were set as per
Reference [29]. The penalty factor « and the tolerance of the convergence criterion £ were set to default
values of 2000 and 10, respectively.
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The size of the IABC population was set as 30 as per Reference [22], and the iteration number was
set as 100 based on the fact that the IABC convergences after 100 iterations based on many experiments.

4.2. Numerical Results and Analysis

The original wind power time series of one month was decomposed using VMD. Next, the SE
of every subseries was calculated and is shown in Figure 3. The solid line in Figure 3 represents the
sample entropy of the original series.

0.25

0.2+ 1

0.15¢ * B

0.1F A

Sample entropy values

0.05} N

0 I I I I I I I
1 2 3 4 5 6 7 8 9

Number of subseries

Figure 3. Distribution of sample entropy values of subseries.

Next, the subseries were reconstructed according to the following rules: the subseries with SE
values smaller than the original series were added (i.e., subseries 1 and 2 in Figure 3), the subseries
with SE values bigger than the original series and close to each other with a distance smaller than 0.05
were combined (i.e., the third and ninth subseries were combined, the fourth to sixth subseries were
combined, and the seventh and eighth subseries were combined). After processing, the reconstructed
subseries are shown in Figure 4. For clarity, only a portion of the data (the first 300 points) are shown.

100

o

S1

S2

S3

S4

50 100 150 200 250 300
Time step (15min)

Figure 4. Distribution of the reconstructed subseries.

It can be seen in Figure 4 that the reconstructed subseries have obvious regularity, where the
frequency increases from top to bottom, and each subseries has periodicity to a certain extent. For each
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subseries, the method described in Section 3.3 was used for interval prediction and the forecasting
results are shown in Figure 5. For clarity, only a portion of the data (the first 200 points) are shown.

45 R it e e e
Prediction interval | | | | | | |

40| *=er Real data S S T W
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2 | | | | (- L4 . | |
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Time interval (15min)

Figure 5. Distribution of wind power prediction intervals (PIs) results with PINC 90%.

It can be seen in Figure 5 that most of the real values are within the PIs, indicating that the
proposed approach is effective. The detailed values of the indices can be seen in Table 1.

Table 1. Prediction results of interval prediction method using ELM and KELM.

ELM KELM
Number

Ipicp Ipinaw InaD Ipicp Ipinaw InaD
1 92 0.195 0.188 89.5 0.164 0.187
2 91.5 0.188 0.191 90.25 0.152 0.175
3 94.25 0.208 0.178 90.75 0.171 0.183
4 91.25 0.194 0.193 91.75 0.191 0.176
5 97.25 0.245 0.111 90.5 0.166 0.182
6 99 0.208 0.196 91.25 0.165 0.187
7 96.25 0.199 0.187 89.75 0.169 0.132
8 99.75 0.247 0.006 92 0.161 0.187
9 91.25 0.198 0.187 91.5 0.195 0.171
10 92.25 0.21 0.178 91.75 0.171 0.179
Mean 94.475 0.209 0.1615 90.9 0.171 0.176
Std 3.332 0.021 0.06 0.883 0.013 0.016

4.2.1. Comparison of KELM and ELM

To evaluate the performance of the KELM, the interval prediction methods using KELM and ELM
are compared in this section. The simulations of these two approaches were conducted 10 times using
the historical data in July from wind farm M, and the results are shown in Table 1. The mean value
and standard deviation for each index are also provided in Table 1.

Table 1 shows that the PICP of the KELM is closer to the PINC than that of the ELM and the
PINAW of KELM is narrower, except the NAD is slightly bigger, indicating that the method using the
KELM has a better performance. Another significant point deduced from Table 1 is that the method
based on the KELM is more stable as the standard deviations of the KELM are much smaller than
those of the ELM.
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4.2.2. Analysis of Forecasting Results

For further validation of the superiority of the interval prediction method proposed in this
paper, the results of the approach which used the multi-objective function based on interval scores
(abbreviated as M1) are given in Table 2. Furthermore, the results of the approach based on the
multi-objective function (where only two indices (Ipicp and Ipnaw) were used) and those of the
approach using quantile regression (abbreviated as M2 and QR, respectively) are shown for comparison
with the proposed approach. PIs with PINC 90% obtained by the proposed approach and the other

methods in two different months are displayed in Figures 6 and 7.

Wind power (MW)

Figure 6. Distribution of wind power PIs results with PINC 90% in March 2013 of wind farm M.

Wind power (MW)

Figure 7. Distribution of wind power PIs results with PINC 90% in July 2013 of wind farm M.

It can be seen in Figures 6 and 7 that the real data of the wind power are mostly covered by the
constructed PIs, which indicates the effectiveness of these methods. The detailed indices of these
methods are shown in Table 2. The mean values (Mean) and average coverage probability errors
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(ACPE) are also given in Table 2.
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Table 2. Prediction results of wind farm M in different months.

Month QR M1 M2 Proposed Method

Ipice  Ipinaw INaDp  Ipice  Ipinaw INaD  Irice  Ipinaw Inap  Ipice  Irinaw INaD

Jan. 98.23 0.083 0.005 89.75 0.161 0.086 90.71 0181 0.062 9125 0.193 0.048
Feb. 9675 0.115 0.011 9223 0271 008 925 0251 0.192 8836 025 0.002
Mar. 100 0.121 0 89.15 0283 0.155 9058 0232 0.038 905 0223 0.021
Apr. 8272 0079 0002 9152 019 0061 8754 0179 013 9175 0.154 0.003
May 7975 0.101 0001 8875 026 0187 883 0215 0101 8825 0.216 0.012
Jun. 8728 0.072 0.02 9254 0.148 0.042 9265 0.132 0179 9225 0.116 0.093
Jul. 90 0.086 0.049 8935 0209 0.022 8.5 0221 0.161 90.5 0205 0.02
Aug. 99 0.137 0 9233 0328 0.005 9197 0291 0.035 9175 0284 0.003
Sep. 9874 0.135 0 88.25 0322 0.147 9195 0233 015 9178 0.223 0.042
Oct. 9525 0.095 0.003 8873 0235 0.057 8875 0227 0.065 90.25 0.214 0.009
Nov. 9276 0149 0033 875 0276 0107 8926 0259 0.057 925 0249 0.05
Dec. 9353 0.151 0.072 9158 0324 0.049 8864 0275 0.154 9225 0272 0.011
Mean 92.834 0.11 0.016 90.14 0.251 0.084 90.196 0.225 011 90.949 0.217 0.026
ACPE  6.209 / / 1.56 / / 1.531 / / 1.514 / /

The following conclusions can be drawn from Table 2:

1 Interms of the reliability (the closer the PICP is to the PINC, the better), almost all the predicted
results of the proposed method, M1 and M2 are closer to 90% than the results of QR. The maximum
values of the proposed method, M1, M2 and QR are 92.5%, 92.54%, 92.65% and 100%, respectively,
and the minimum values of the proposed method, M1, M2 and QR are 88.25%, 87.5%, 87.54%
and 82.72%, respectively. The ACPE values of the proposed method, M1, M2 and QR are 1.514,
1.56, 1.531 and 6.209, respectively, indicating that the overall reliability of the proposed method
is comparable to that of M1 or M2, and the performance of the proposed method is slightly
better than the other two methods. It can also be deduced that the QR approach has the worst
performance as its ACPE value is the biggest.

2 Interms of the PINAW (the smaller the better), the maximum, mean and minimum values of the
proposed method are 0.284, 0.217 and 0.116, respectively; the maximum, mean and minimum
values of M1 are 0.328, 0.251 and 0.148, respectively; the maximum, mean and minimum values
of EEMD are 0.291, 0.225 and 0.132, respectively. From the overall level of view, the proposed
method performs the best.

3 In terms of the NAD (the smaller the better), the maximum, mean and minimum values of the
proposed method are 0.093, 0.026 and 0.002, respectively; the maximum, mean and minimum
values of M1 are 0.187, 0.084 and 0.005, respectively; the maximum, mean and minimum values
of M2 are 0.192, 0.11 and 0.035, respectively. It can be concluded that the overall performance of
the proposed method is superior to the others.

As seen in Table 2, across all months, the proposed method outperforms the other approaches
with the resultant ACPE closer to zero, which indicates the high reliability of the constructed PIs.
In addition, at the same level of reliability, the proposed method outperforms other approaches with
narrower PINAWSs and smaller NADs. Thus, it can be deduced that the overall performance of the
proposed multi-objective function performs better than other approaches in constructing PIs.

To verify the stability of the proposed method, another set of experiments based on the data
in different seasons from wind farm ] were conducted, and the PIs with three different forecasting
horizons (i.e., one step ahead, two steps ahead and three steps ahead) were constructed. The results
are shown in Tables 3-5, and the same conclusions can be drawn using the same analytical method.



Energies 2017, 10, 419 13 of 15

Table 3. Prediction results of wind farm J for one-step-ahead forecasting in different seasons.

Season QR M1 M2 Proposed Method

Ipice Ipinaw Inap  Ipice  Ipinaw INaDpD  Irice  Ipinaw INap  Ipice  Irinaw INaD

Summer 943 0.097 0.002 9354 0.175 0.182 9353 023 0.003 9175 0.224 0.004
Autumn 99.8 0.151 0 883 0266 0.004 8865 0.167 0.001 89.75 0.156 0
Winter  99.3 0.09 0 8728 0208 014 9327 021 0.033 9325 0216 0.016
Spring 995  0.049 0 9275 0105 001 8972 0.11 0.032 8825 0.107 0.001
Mean  98.225 0.097 0.001 90.468 0.189 0.084 91.293 0.179 0.017 90.75 0.176  0.005
ACPE  8.225 / / 2.678 / / 2.108 / / 1.75 / /

Table 4. Prediction results of wind farm J for two-steps-ahead forecasting in different seasons.

OR M1 M2 Proposed Method
Season

Ipice Ipinaw INaDp  Ipice  Ipinaw INaDp  Ipice  Ipinaw INap  Ipice  Ipinaw INaD

Summer 882 0.098 0124 8728 0208 0.102 8879 0207 0.111 8859 0.226 0.008
Autumn 99.56 0.151 0 91.05 0387 0.016 9123 0358 0.007 9125 0.349 0.004
Winter 9522 0.091 0.002 9051 0221 0.016 89.25 0217 0.08 89.7 0214 0.012
Spring  90.75  0.05 0.101 923 0102 0.025 9375 0114 0.013 9225 0.106 0.015
Mean  93.433 0.098 0.057 90.285 0.23 0.04 90.755 0.224 0.053 90.448 0.224  0.01
ACPE  4.333 / / 1.645 / / 1.735 / / 1.303 / /

Table 5. Prediction results of wind farm J for three-steps-ahead forecasting in different seasons.

Season QR M1 M2 Proposed Method

Ipice Ipinaw Inap  Ipice  Ipinaw INap  Ipice  Ipinaw INaDp  Ipice  Irinaw INaD

Summer 84.71 0.199 0.015 9291 0209 0.083 9288 0244 0.097 9285 0.239 0.004
Autumn 9173 0.153 0.006 9123 037 0.014 925 037 0.016 9098 0356 0.001
Winter 83.46 0121 0.025 8744 0222 0.056 887 0205 0.101 8842 0.205 0.047
Spring 8193 0.1 0.131 9048 0205 0.031 89.72 0103 0.032 8897 0.115 0.01
Mean  85.458 0.143 0.044 90.515 0.252 0.046 9095 0.231 0.062 90.305 0.229 0.016
ACPE  5.408 / / 1.795 / / 1.74 / / 1.61 / /

For intuitive observation, the statistical indices of the proposed method, which proved to be better
than M1 and M2 based on Tables 2-5, are shown in Table 6, where Ppyjn1 represents the proportion
of the proposed method’s results better than M1, Ppp-\p represents the proportion of the proposed
method’s results better than M2, and Ppyp.qr represents the proportion of the proposed method’s
results better than QR.

Table 6. Statistical indices of the proposed approach.

Proportion Ipicp Ipinaw INaD
Py 62.5% 70.83% 95.83%
Poyvions 58.33% 75% 91.67%
PPM>QR 91.67% 0% 33.33%

From Table 6, it can be seen that the performance of the proposed method is worse than QR
in terms of Ipiyaw and Inap, but the reliability of the proposed method is much better than QR.
Furthermore, most of the proposed method’s indices are better than the other approaches, which
indicates the stability and superiority of the proposed approach.
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5. Conclusions

Numerous studies regarding wind power prediction indicate that prediction errors exist inevitably
and are of great randomness, which causes a certain degree of uncertainty in the prediction results.
Therefore, an interval prediction approach was presented in this paper to solve this issue. From a
comparison with the simulation results of the other competitive approaches, the following conclusions
could be drawn: (1) the KELM performed better than the ELM in wind power interval prediction;
(2) the performance of the proposed method was better than that of M1, M2 and QR, which meant
that the approach based on the Pareto objective function constructed in this paper was more effective
than the other competitive methods; and (3) the results of the QR were worse than those of the other
methods, which indicates that the proposed optimal approach performed better than the quantile
regression method used for wind power interval forecasting.
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