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ABSTRACT Wind energy is a kind of sustainable energy with strong uncertainty. With a large amount
of wind power injected into the power grid, it will inevitably affect the security, stability and economic
operation of the power grid. High-precision wind power spot prediction and fluctuation interval information
can provide more adequate decision-making support for grid scheduling and optimization. Hence, this
paper proposes a K-Means-long short-term memory (K-Means-LSTM) network model for wind power spot
prediction, and a nonparametric kernel density estimation (KDE) model with bandwidth optimization for
wind power probabilistic interval prediction. The long short-term memory (LSTM) network has a strong
memory function, which can establish the correlation between the data before and after, so as to improve the
prediction accuracy. The K-Means clustering method forms different clusters of wind power impact factors to
generate a new LSTM sub-prediction model. The optimization of the bandwidth in the nonparametric KDE
is implemented by the mean integrated squared error criterion. In addition, a part of the dataset is deliberately
demarcated from the wind power historical dataset to generate reasonable wind power prediction errors. The
simulation results show that the proposed K-Means-LSTM network model has higher prediction accuracy
than the back propagation (BP) neural networks, Elman neural networks, support vector regression (SVR)
and LSTM network models. Compared with the KDE model with random bandwidth and the Gaussian
distribution model, the bandwidth optimization model proposed in this paper has more narrow prediction
intervals with higher interval coverage rates.

INDEX TERMS Wind power prediction, Kernel density estimation, long short-term memory, K-means

clustering, probabilistic interval prediction.

I. INTRODUCTION

In recent years, with the increasing attention of countries
around the world to the development of renewable energy,
the research and development of wind energy is increasing
day by day [1]. Wind energy is a clean energy source from
nature. However, it has strong uncertainties [2]. At present,
the research related to wind energy can be mainly divided into
wind speed prediction [3], wind power prediction [4], wind
power ramp event prediction [5], [6], and the optimal config-
uration of wind energy [7], [8], etc. Along with the massive
grid connection of wind power, it has a huge impact on the
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safe and stable operation of the power grid [9]. Therefore,
to realize the highly accurate prediction of wind power will
provide more beneficial information for the optimal dispatch
of the power grid.

At present, the research directions of wind power pre-
diction can be divided into spot prediction and probabilis-
tic interval prediction [10]. There are many spot prediction
methods for wind speed and wind power of wind farms.
In reference [11], a prediction method combining wavelet
transform (VT) method and support vector machine (SVM)
was proposed. Wang et al. [12] proposed the maximum cor-
rentropy criteria (MCC) algorithm instead of the traditional
minimum square error (SE) algorithm to improve the back
propagation (BP) neural network and to realize wind power
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prediction. Huang et al. [13] proposed an enhanced harmony
search (EHS) algorithm to implement the selection of support
vector regression (SVR) model parameters. Chen et al. [14]
made correlation research on wind speed prediction, which
was based on extreme learning machine (ELM), Elman Neu-
ral Network and LSTM Network. Recently, A large number
of new methods based on LSTM for renewable energy and
load forecasting are proposed. Han et al. [15] proposed a
prediction model based on variational mode decomposition
and LSTM. Yu et al. [16] proposed an enhanced forget-gate
LSTM Model. Han et al. [17] proposed a model based on
Copula function and LSTM, which can effectively extract
wind power impact factors and achieve better prediction
results. However, the research objects of the above literatures
are based on wind power historical data, and the wind power
output series at the next moment is obtained by constructing
supervised learning. Therefore, the actual predicted objects
are only the wind power values at the next moment, and
there is a significant delay of single unit time. In addition,
due to the strong randomness of wind energy, wind power
prediction without the combination of numerical weather
prediction (NWP) data generally lacks practicality. Thus, this
paper will conduct an in-depth study from the perspective of
the NWP data and the LSTM network model to achieve wind
power spot prediction.

The wind power spot prediction still poses a great threat to
the safety and stability of the power grid. Thus, the probabilis-
tic interval prediction of wind power emerges. Probabilistic
interval prediction presents the fluctuation range of wind
power prediction error and provides more beneficial auxil-
iary information for grid scheduling and energy optimization
[18], [19]. In general, the probabilistic interval prediction of
wind power can be obtained by parametric and nonparametric
methods [20]. The parametric method usually assumes that
the sample data obeys a certain type of distribution, such as
Beta distribution, Gaussian distribution, etc. Yuan et al. [21]
assumed that the prediction error obeyed the Beta distribu-
tion, and used the particle swarm optimization (PSO) algo-
rithm to optimize the parameters in the Beta distribution
to find the minimum probability interval. Zhang et al. [22]
proposed a mixed Gaussian distribution model to fit the wind
power prediction error. Besides, the learning model repre-
sented by sparse Bayesian learning (SBL) belongs to the
parametric methods [23], which usually requires an accurate
prior knowledge of the relevant parameters. The SBL model
is complex with many parameter settings, which also has
a strong dependence on the sample data. The parametric
method is often constrained by the hypothetical prediction
error model. If the assumption is unreasonable, it will lead
to unsatisfactory interval prediction results.

On the contrary, the nonparametric method is more precise
than the parametric method, since the nonparametric method
does not need to make the assumptions of the wind power
error distribution. As a result, the conditional constraints
of the nonparametric method are limited. It is suitable for
many applications, and its versatility is stronger than the
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parametric method. Nonparametric methods mainly include
quantile regression and kernel density estimation (KDE)
methods. Haque et al. [24] proposed the firefly algorithm
to optimize the combined prediction algorithm, using the
quantile regression method to achieve probability predic-
tion. In Reference [25], an online quantile regression method
based on Reproducing Kernel Hilbert Space was proposed,
which enabled online learning and online calibration. The
KDE method can provide the probability density function
(PDF) of wind power prediction error. In recent years, it has
attracted much attention in the area of wind power probability
prediction. Taylor and Jeon [26] used the conditional KDE
method to achieve wind power density prediction, which
showed that the KDE method had great application advan-
tages. He and Li [27] obtained the PDF of wind power on
the prediction period by using the prediction results based
on different prediction conditions as the input of the KDE
model. In reference [28], the KDE method was used to predict
the wind power based on the data of a wind farm in France.
It was concluded that the nonparametric KDE had better
performance in sensitivity and reliability than the quantile
regression method. Therefore, this paper will apply the KDE
method to study the probabilistic interval prediction of wind
power.

Different spot prediction methods have different prediction
advantages. Combined forecasting methods can take advan-
tage of each sub-model and have attracted much attention in
recent years [29], [30]. In the current researches of proba-
bilistic interval prediction methods, the wind power error data
comes from the deviation between the predicted values and
the real values within the prediction method adopted by the
wind farms. However, there is a problem worthy of further
study, which is the rationality of the error data. The wind
power spot prediction methods applied in many literatures
are often inconsistent with the theoretical research methods
in practical applications. Such error data cannot represent
the error dataset generated by the actual prediction method.
In view of the above problems, this paper takes the measured
data of wind farms as the micro-scale NWP data, mainly
focusing on the following contributions:

a) The abnormal data of wind power historical data has
a great influence on wind power prediction. This paper pro-
poses an anomaly data processing method combining density
clustering of applications with noise (DBSCAN) and 3¢
technology to achieve efficient denoising.

b) A spot prediction method based on long short-term
memory (LSTM) networks for wind power is proposed.
Combined with the K-Means clustering method due to
its fast and accurate performance in prediction [31], wind
power impact factors clustering is implemented to generate
K-Means-LSTM combined prediction model. Meanwhile,
the inclusion of the NWP data of the current time eliminates
the step delays in the prediction series.

c¢) The wind power historical dataset is divided into
training, verification, error generation, and test dataset, where
the error dataset is generated to ensure the rationality for the
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nonparametric KDE method with bandwidth optimization,
S0 as to obtain the rational wind power probabilistic interval
prediction. Compared with the nonparametric KDE method
with random bandwidth and the parametric method with the
assumed error obeying the Gaussian distribution, the validity
of the nonparametric KDE method with bandwidth optimiza-
tion has been verified.

The remains of this paper are organized as follows.
Section II initially introduces preliminary data processing
by using DBSCAN and 3o technology. The dataset division
technique is also provided. Next, Section III delivers the pro-
posed spot prediction method based on the K-Means-LSTM
network. Afterward, Section IV proposes the nonparamet-
ric KDE-based probabilistic interval prediction method. The
prediction evaluation indices are presented, respectively.
Section V provides numerical case studies, and finally,
Section VI concludes the whole paper.

Il. DATA PROCESSING
A. RAW DATASET PROCESSING
In the actual operation of the wind farm, some wind power
abnormal data will be generated due to wind turbine load
shedding and outage, equipment failure, communication
interference, and human malfunction, which are represented
by not a number (NAN) and missing data. Abnormal data
processing is usually performed by methods such as culling,
replacement, and interpolation. The method of substitu-
tion (or interpolation) is further divided into replacement
(or interpolation) of adjacent data of the same type,
mean value replacement (or interpolation), and replacement
(or interpolation) based on maximum likelihood estimation.
Since the number of the abnormal data samples is tiny
compared to the sample capacity, the impact caused by
the distribution and application of the dataset is negligible.
Hence, this paper uses the culling method as abnormal data
processing.

B. IMPACT FACTORS ANALYSIS

Pearson correlation coefficient analysis can explore the
degree of correlation between various impact factors and
wind power, so as to select the appropriate impact factors
for the model as input data. The application formula for the
Pearson correlation coefficient rj is:

=

‘ (xij — Xj) ik — Xx)
rip = ———t )

n _ 2 n _ 2
> (= %) [ > G — Xx)
i=1 i=1

where, x;; and x;; represent the i-th value of the class j and
class k data, respectively; X; and x; represent the mean of the
class j and class k data, respectively.

The data in this paper is derived from the measured data
of two wind farms in the northeast of China. In addition
to wind power, it also includes wind speed, wind direction,
temperature, humidity, and pressure. The wind speed data
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FIGURE 1. Pearson correlation coefficients between wind power and
impact factors.
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FIGURE 2. Wind speed-wind power curve of the wind turbine.

adopts the average value of the measured wind speed. The
wind direction data uses the measured average wind direc-
tion cosine value, and the remaining impact factors are the
measured values at the moment. Fig. 1 shows the heat map of
Pearson correlation coefficient analysis for a set of datasets.
It can be seen from Fig.1 that the correlation between wind
speed and power is the highest, reaching nearly 0.9, followed
by the wind direction and air pressure, which are negatively
correlated with power. The difference between the two is
small, and the correlation coefficient values are —0.1592 and
—0.1570, respectively. The degree of correlation between
humidity and power has not yet reached 0.1, and the degree
of correlation is weak.

C. DATA PROCESSING BASED ON
DBSCAN AND 30 TECHNOLOGY
Wind speed is the most relevant impact factor, and its rela-
tionship with power needs to be clarified. Fig. 2 shows the
relationship between wind speed and power. Some data devi-
ates significantly from the speed-power curve of the wind
turbine, in the form of various types of abnormal noises and
data groups.

It is apparently not effective to directly use the raw dataset
to ensure the reliability of wind data. Therefore, this paper
adopts a data processing method based on DBSCAN and
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FIGURE 3. Wind speed-wind power curve changes during abnormal data processing. (a) In the process of DBSCAN. (b) Denoising based on DBSCAN.

(c) Abnormal value culling based on 3¢ technology.

30 technology, which can effectively identify and eliminate
noises and abnormal data clusters.

For a set of sample datasets D = (x1, x2, ..., x;), which
contains only wind speed and power, and where, x; represents
the i-th data and the value range of i is: i = 1,2,...,n.
The neighborhood radius value ¢ and the neighborhood
density threshold M, are determined according to the data
type, and appropriate distance metrics are selected, such as
Euclidean distance, Manhattan, Chebyshev, etc. The main
steps of the specific DBSCAN processing include: estab-
lishment of an initialization state, finding all core objects,
detection of core objects, generation of cluster sample sets,
judgment on whether the generated clusters are completed,
and finding all ¢ neighborhood subsample sets.

Although the effect of clustering to remove abnormal
data is significant, some abnormal data cannot be effectively
eliminated. Thus, this paper introduces 3o technology to
remove such data. The principle of the method is to determine
whether the power value is stable within the range of +30
of the average power p for a set of wind power {p,}, which
means the range is [p — 30, p + 30], where, o is the standard
deviation of the power sequence and p; is calculated by multi-
step sliding calculation.

pr=ap + 0 —a)pi—1 @

where, p; is the mean of power in step ¢, the starting power
point pg is the pg value, and « is the sliding weight parameter,
which needs to be provided in advance. The calculated power
averages of the respective steps are respectively determined
according to (3).

pi—1 —ko <py <p;1 +ko 3

where, k is the allowable deviation coefficient, which can be
taken as 1, 2 and 3. Fig. 3 shows the effect of DBSCAN and
30 techniques to remove abnormal data.

D. DIVISION OF DATASETS

The division of the dataset is an important part, and it is
the preliminary step to realize the training of wind power
data. In this section, the measured meteorological data around
the wind turbine is adopted to represent the NWP data,
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FIGURE 4. Division of wind power historical datasets.

and together with the wind power data constitutes the wind
power historical dataset. After the abnormal data process-
ing, the wind power historical dataset generally needs to be
divided into three sub-datasets, such as the training dataset,
the verification dataset, and the test dataset.

In the general probabilistic interval prediction study,
the wind power error dataset takes the differences between
the actual values and the theoretical power prediction val-
ues. However, the theoretical prediction method may not
be the same as the spot prediction method used in actual
research. In addition, the spot power values obtained by
different prediction methods are different, which will result
in the data distribution of the wind power prediction error
also being different due to different prediction methods. Thus,
the wind power prediction error dataset based on theoretical
prediction values is not suitable for general research.

In order to obtain the reasonable wind power prediction
error dataset, the wind power dataset is divided into the
following parts according to the ratio of 7:1:2 according to
the steps shown in Fig. 4: the training dataset, the validation
dataset and the spare dataset. Among them, the spare dataset
contains the error generation dataset and the test dataset. The
number of samples in the test dataset is m. Compared with
the general division of dataset, a part of the error generation
dataset is obtained, which can obtain the related predicted
power error distribution based on different prediction algo-
rithms, and prepare for the follow-up data work for the wind
power probabilistic interval prediction.
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FIGURE 5. Internal unit structure of the LSTM network.

Ill. WIND POWER SPOT PREDICTION

A. LONG SHORT-TERM MEMORY

The LSTM network is a special recurrent neural net-
work (RNN) with three thresholds, namely the input gate,
the output gate and the forgetting gate. The unit structure of
the LSTM network is shown in Fig. 5.

The forgetting gate determines the increase or decrease of
the data flow by setting the threshold, which means reser-
vation and forgetting. Since the hidden layer of the RNN
has only one state, there are serious problems with gradient
disappearance and gradient explosion. On the basis of RNN,
LSTM adds the structure of the cell state, which can realize
the long-term preservation of the state and highlights the
strong memory function of the LSTM network. In the case
of massive wind power data mining, the network can greatly
improve the accuracy of wind power prediction.

In the forward propagation process of the LSTM network,
the output value of the forgetting gate f; can determine
the trade-off of the unit state information, and the related
functional relationship is obtained as (4).

fi=o (thtfl + upx; + bf) “4)

Two variables i; and ¢; are produced by the input gate,
which are related to the previous moment. The expressions
are as shown as (5) and (6).

ir = o Wili—1 + uix; + b;) (5)
tanh (weh;—1 + uex; + be) (6)

Ci

Cell state ¢, is the transmission center of the cell state
before and after LSTM, which has the following functional
relationship:

G=c10fi+ii O @)

The output /; of the output gate comes from two parts. One
part is the output of the previous moment and the input of the
current moment, and the other part is the information of the
current cell state, and the specific expression form is achieved
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as (8) and (9).

oy = o (wohy—1 + upx; + bo) 3
]’lt 0o © tanh (Ct) (9)

where, # and w are the weight values; b is the bias values; o
is the activation function and the sigmoid function is applied
in this paper; © is the Hadamard product.

B. K-MEANS CLUSTERING PREDICTION MODEL
Section II.B has illustrated that wind speed is the key factor
affecting wind power among the five factors, and the daily
wind speed section is widely distributed. In order to fully
exploit the data information, based on the wind speed seg-
ment, this paper uses the K-Means clustering algorithm to
divide the wind power and the impact factor dataset into
K subclasses. Before the clustering, because of the great
differences in numerical grades of each type of data, the
effective training of the late model is a huge challenge. Hence,
the data is normalized before the K-Means clustering, and the
normalization used in this paper is shown as (10).

Z/ — Z — Zmin (10)

Zmax — <min

where, Zmax and zmin represent the maximum and minimum
values of certain types of data, respectively. z and 7’ repre-
sent the values before and after normalization of the data,
respectively.

The flow chart of the K-Means clustering algorithm is
shown in Fig. 6, which can be divided into the following four
parts:

a) Given a set of input datasets D, determine the number of
clusters K and the appropriate distance metrics.

b) Randomly extract K samples from the dataset as the
initial cluster center, denoted as m; = {myy, mi2, ..., myg}.
Then, the distances of each sample in the dataset D to m,, are
calculated and classified into the category with the shortest
distance to form a cluster set C; = {Cy1, Ci2, -+ , Cix}.

¢) Calculate a new cluster center my = {mo, mao, - -+ , myg}
for each cluster Cy,, in the set C;, and calculate the distance
from each sample in the dataset D to my,, as described in Step
b to generate a new cluster C» = {C>, C22, ..., Cox}.

d) Repeat Step c until the cluster center does not change
anymore, namely m; = m;y1, indicating that the clustering
has been completed and then output the clustering result.

The K-Means clustering method is simple in principle,
easy to implement, and has obvious clustering effects. Even
if the application object is massive data, it performs very fast
and is an efficient clustering method.

C. SPOT PREDICTION PROCESS

The wind power spot prediction framework proposed in this
paper is illustrated in Fig. 7, which can be divided into the
following five parts: abnormal data processing, dataset divi-
sion and acquisition, K-Means clustering based on the impact
factors, LSTM network modeling, and testing experiments.
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FIGURE 6. K-Means clustering process of impact factors and
wind power.

a) Abnormal data processing. For a set of wind power
historical data, DBSCAN and 3o technology are used to deal
with the abnormal values.

b) Division and acquisition of data sets. In order to meet the
needs of experimental methods, the training dataset, the vali-
dation dataset, and the test dataset are extracted according to
the data division method in section IL.D.

¢) K-Means clustering based on the impact factors. Firstly,
the normalization method is applied to eliminate the numeri-
cal differences of the dataset. And then, K-Means clustering
of the impact factors is realized to form K clustering cate-
gories.

d) LSTM network modeling. The LSTM network model is
established based on each clustering category. The normal-
ized impact factor and the wind power are used as the input
and the output of the prediction model, respectively. In LSTM
network training, the Adam algorithm [32] is used to optimize
the loss function, and the Dropout technology [33] is used to
prevent model over-fitting.
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FIGURE 7. Prediction process of K-Means-LSTM combined forecasting
model.

e) Test experiments. Normalize the impact factors in the
test dataset as the input of the trained prediction model to
realize the prediction of the related spot power, and combine
the prediction error evaluation criteria to evaluate the pros and
cons of the model. The errors are summarized as the error
datasets for probabilistic interval prediction.

D. PREDICTION ERROR EVALUATION CRITERIA

In order to more quantitatively quantify the prediction error
size numerically, several popular error evaluation criteria
are used, namely Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and Mean Absolute Percentage Error
(MAPE). The first two are dimensioned in kilowatts (kW),
the latter being dimensionless, expressed as a numerical per-
centage. The specific error calculation formulas are expressed
as follows:

| LT
MAE=;2|yz—yz| (11)
1=

1 n
- Z G =) (12)

RMSE =

)’t
e

1
MAPE = - x 100% 13
P

i=1

where, n represents the number of test samples; y; and y,
represent the predicted power and real power at time t,
respectively.

IV. PROBABILISTIC INTERVAL PREDICTION

The distribution of spot power is easily affected by objective
conditions such as geographic information and the mete-
orological factors of wind farms. However, the distribu-
tion of power prediction errors is relatively less affected
by these objective conditions. Unlike parametric methods,
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the nonparametric KDE [34] does not need to make certain
assumptions about the distribution of the dataset. It depends
on the kernel function and the bandwidth to achieve the fitting
of the probability density, which is not only universal but also
makes the fitted PDF closer to the real information.

KDE is a typical nonparametric method. It does not need
to make assumptions about the PDF of the data in advance
as prior information. It relies on the characteristics of data to
obtain its distribution. Compared with the parametric method,
it has more accurate expression ability and wider application
occasions. Therefore, this method is applied to establish the
probability distribution model of wind power prediction error.

A. NONPARAMETRIC KERNEL DENSITY ESTIMATION

For a group of wind power prediction error data p =
{p1,p2, - -pn}, n is the number of power error samples.
Based on the principle of the nonparametric KDE, the PDF
of wind power prediction error is estimated as (14).

ZK(” p‘) (14)

where, f (p, h) is the KDE of the prediction errors; 4 is the
bandwidth, which determines the interval division of the error
data distribution; p; is the i-th prediction error sample point;
function K (p, h) denotes the kernel function used, and the
power and the bandwidth are independent variables of the
function.

The key factors affecting the nonparametric KDE are the
selection of the kernel function and the selection of the
bandwidth 4. The selectivity of kernels is abundant. The com-
monly used kernels include uniform kernels, gamma kernels,
Epanechnikov kernels, etc. Compared with the bandwidth,
the selection of the kernel function has a less significant
impact on the KDE. Gaussian kernel is suitable for many
application scenarios for its smooth characteristics, which
is usually considered to be the first choice. In this paper,
the Gaussian kernel is applied, and it can be expressed as (15).

__L -
- o) "

Substitute (15) into (14), the nonparametric KDE is thus

obtained as (16).
< L(p=pi\’
_ — | — 16
e (5 (5))

B. BANDWIDTH OPTIMIZATION MODEL

In the nonparametric KDE, the PDF of the power error is
strictly affected by the bandwidth. If the bandwidth is too
small, the local fluctuation will be severe, and it will be
affected by some special sample points, which affects the
distribution of the estimated model. If the bandwidth is too
large, the PDF will be too smooth to reasonably fit the distri-
bution. As a brief summary, the appropriate selection of the
bandwidth has a crucial impact on the nonparametric KDE.

f . h =

K ()

fo.n=
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At present, the bandwidth % is mainly based on the
mean squared error (MSE) criterion, the integrated squared
error (ISE) criterion, and the mean integrated squared
error (MISE) criterion. However, the first two are susceptible
to some points and sample properties, and MISE is more
global than the other two. Therefore, in order to prevent
the extreme phenomenon caused by the inappropriate selec-
tion of the bandwidth A, the MISE criterion can be used to
measure the suitability of the bandwidth when selecting the

bandwidth.
N 2
E f (o ) =1 () "ax

=/(Ef x) —f(x)>2dx+fvarf () dx (17)

The estimation of the kernel density can be composed of
deviations and variances. After Taylor expands, MISE can be
obtained as (18).

MISE (h) =

1 1 1
MISE (h)y= —R(K)+-h*P(K)RF")+o | h*+— ) (18)
nh 4 nh
where, R (g) and [ (K) satisfy the following relationship:

R(g) = [&* (u)du

[(K) = [x*K (x)dx (19)

After discarding the infinitesimal quantity of (19),
the bandwidth optimization equation based on asymptotic
integral mean square error (AMISE) can be obtained as (20).

1 1
A(h) = —R (K) + Zh412 K)R(f") (20)
n

According to (20), the partial derivative is obtained. When
dA (h) /oh = 0, A (h) converges and there is an optimal
bandwidth haurse.

RK) \3
nl>(K)R (f”))

In (21), there exists an unknown function term R(f"), con-
taining the second-order partial derivative of KDE. For this
reason, Silverman [35] pointed out that when f came from a
normal population with mean p = 0 and variance o, R(f")
could be obtained as (22).

hamise = ( 2D

R(") = 70 - (22)

C. INTERVAL PREDICTION PROCESS

The probabilistic interval prediction of wind power based
on the nonparametric KDE can be divided into three steps:
a) acquiring wind power error datasets; b) using the nonpara-
metric KDE method to obtain the quantile at the confidence of
(1-); ) obtaining the wind power interval prediction values
at different times, which is based on the spot prediction.

The interval prediction process of wind power is shown
in Fig. 8. In order to obtain a reasonable dataset of wind
power prediction errors, based on the spot prediction process
shown in Fig. 7, the error generation dataset is replaced by
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FIGURE 8. Wind power interval prediction process based on the power
error dataset.

the test dataset to generate a set of wind power prediction
error dataset. In addition, KDE with the optimal bandwidth is
obtained by combining the bandwidth optimization described
in Section I'V.B. Given the confidence level of (1-«), the upper
and lower quantile spot Fy/2 and F(1_q/2) are obtained.
Finally, the wind power interval T = [U%, L*] at the confi-
dence level of (1-«) is obtained. The expressions of the upper
and lower bounds are shown as (23).

{Ua = Ppret Fe (23)

LY = Ppre + F1-a)2)

where, U® and L% are the upper and lower boundaries
of the predicted power interval at the confidence level of
(1-a), respectively, and Py, is the spot prediction value of
wind power.

D. PREDICTION EFFECT EVALUATION
The interval coverage rate and the sensibility index are
the popular performance evaluation index [36], which are
currently used to measure the prediction effect of the
nonparametric KDE method.

The interval coverage rate R.qy.r can be used to measure
the proportion of the real power falling within the prediction
interval, and be defined as (24).

N

1 0 pPrl ¢ LY, UY]
vaerzﬁl;si, s,::l P%ale[L}’U},] (24)

where, Pfe“l is the real power from the i-th predicted sample;
Uf and LY are the upper and lower boundaries of the pre-
dicted interval of the i-th predicted sample at the confidence
level of (1-a), respectively; &; is an intermediate variable used
to determine whether the real spot power falls within the
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range of the predicted interval; and N is the number of the
prediction samples.

The sensibility index is used to measure the average width
of the prediction intervals. The larger the interval coverage
rate, the smaller the average width, which is the best perfor-
mance of the prediction model. The sensitivity index ¢, is
defined as (25).

1
gr%ean = N .

1

N
(U - 1) 25)
=1
V. CASE STUDY AND DISCUSSION
The wind power historical data used in this paper is derived
from two wind turbines, which are respectively from two
wind farms in the northeast of China. For convenience, they
are respectively recorded as wind farms A and B. The rated
capacity of a wind turbine is 1.5 MW, and the time span of the
dataset is From Dec. 2017 to Dec. 2018, a total of 12 months
of the dataset. The sampling time-frequency of each piece of
data is 10 minutes.

A. PREDICTION EFFECT OF DATA PROCESSING

Nowadays, SVR, BP, and Elman neural networks are widely
applied in wind power spot prediction. SVR is a prediction
algorithm based on the idea of structural risk minimization,
which has strong robustness. BP neural network is a classic
neural network. Although it is easy to fall into local optimum
during network training, the learning rate is fast and widely
used in many research areas. The structure of the Elman
neural network is similar to that of the BP neural network.
However, the output of the hidden layer is connected to
its input layer, which increases the steps of data delay and
storage, and plays a certain role in the global optimization
of the network. In this paper, wind power prediction models
are established for these kinds of prediction algorithms and
compared with the proposed methods.

In order to explore the effectiveness of DBSCAN and
30 technology processing, this paper respectively takes
1000 samples of the same time period as the test dataset,
which is from before and after the abnormal data process-
ing. The prediction results of the four models are provided
in Table 1. After the abnormal data processing, the MAE and
the RMSE are greatly reduced, and the MAPE is reduced
by nearly 12%-16%. It shows that the prediction effects
of the four prediction models have been greatly improved.
In addition, compared with different prediction errors, LSTM
has smaller prediction errors than Elman, BP, and SVR.
Here, the experiment illustrates the importance of abnormal
data processing and also verifies that the DBSCAN and 3¢
technology processing methods proposed in this paper are
effective and feasible.

In addition, Fig. 9 shows the wind power fluctuations under
4 typical days of 4 seasons in wind farm A, and the predic-
tion errors based on 1000 test data for different seasons are
provided in Table 2. As shown in Fig. 9 and Table 2, the wind
power in spring and autumn is larger than that in summer, and
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TABLE 1. Prediction effect before and after of abnormal data processing within wind farms A and B datasets.

Before abnormal data processing

After abnormal data processing

Model

MAE MAPE RMSE MAE MAPE RMSE

LSTM 130.689 37.567 144.853 81.157 23.174 93.962

. SVR 143.153 41.635 158.864 95.034 27.846 110.855
Wind farm A

Elman 197.306 46.189 202.184 118.315 34.234 132.867

BP 189.575 45.164 210.705 142.003 33.019 160.984

LSTM 53.946 35.943 69.295 44.653 20.168 62.533

X SVR 73.534 42.892 90.698 54.853 30.275 65.894
Wind farm B

Elman 80.347 44.739 98.326 55.638 30.893 68.152

BP 77.584 45.326 93.263 57.931 33914 70.627

TABLE 2. Prediction error of different seasons based on wind farms A and B datasets.

Before abnormal data processing

After abnormal data processing

Dataset Season Model
MAE MAPE RMSE MAE MAPE RMSE
Spring LSTM 124.407 35.689 137.85 77.349 22.015 89.514
Wind farm Summer LST™M 116.563 33.435 129.169 72.480 20.625 83.876
A Autumn LSTM 121.791 34.937 134.963 75.726 21.552 87.635
Winter LSTM 134.860 38.694 149.449 83.882 23.869 96.931
Spring LST™M 51.749 34.146 66.330 42.920 19.160 59.906
Wind farm Summer LSTM 48.512 31.989 62.173 40.241 17.950 56.154
B Autumn LSTM 50.670 33.427 64.944 42.127 18.756 58.656
Winter LST™M 55.964 37.021 71.874 46.493 20.773 64.909
1500 —e— Spring 120 —@— MAPE-A —@= MAE-A == MAE-B
=de= MAPE-B =@= RMSE-A  =d= RMSE-B
e Summer
1250 A === Autumn 100 4
Z ®
= 1000 A z s
5 = 804 8
z g 5
2 750 A1 = E
E 60
Z 500 A
40 A
250 1™
" KV:Z KI:3 Klﬂt K|:5 K|:6 K':7 K|:8 K':9 Kzllo

15min / point
A typical day of different seasons in wind farm A

FIGURE 9. PDF of predicted error within wind farm A.

the prediction error in spring and autumn is a little higher than
that in summer. The wind power in winter is generally the
largest, and the prediction error is also the highest among the
four seasons. However, all the results indicate that abnormal
data processing has a significant influence on the prediction
results, and the prediction error is less affected by seasons.

B. EFFECTS OF SPOT PREDICTION

The combined prediction model of K-Means and LSTM pro-
posed in this paper needs to determine the optimal number
of clusters K. However, the unreasonable selection of the K
value may cause inconspicuous or deteriorated results, and it
is generally possible to find it through multiple value tests.
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Clustering number

FIGURE 10. Predicted errors of different K values within wind farms A
and B datasets.

In this paper, 2200 test samples are selected from wind farms
A and B, respectively, in which, 2000 test samples are used
to find the best value of K, and the other 200 test samples
are used for the effectiveness test of the K-Means-LSTM
model. The K value of the cluster number is taken from
2 to 10, and a total of 9 natural numbers are considered. The
results of the three types of error evaluation of the model
are shown in Table 3, and the related fluctuation trend is
shown in Fig. 10. Different K values have a great influence
on the prediction error. Whether it is MAE, MAPE or RMSE,
the prediction effect is not satisfied when the K value is small,
which is because the classification is not refined. When the
K value is large enough, the error within wind farm A shows
an increase, while the error within wind farm B appears to
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TABLE 3. Wind power predicted error of different K-value prediction models based on wind farms A and B datasets.

Cluster K=2 K=3 K=4 K=5 K=6 K=7 K=8 K=9 K=10
MAE 105.154 77.227 66.887 61.176 54.435 59.791 66.119 68.541 70.725
Wind farm A MAPE 23.945 20.755 16.531 14.950 12.783 14.661 17.471 19.323 20.003
RMSE 126.752 98.814 90.825 85.127 74.732 79.044 82.488 83.309 85.266
MAE 49.262 43.555 38.524 34.002 48.667 49.226 50.920 59.475 51.786
Wind farm B MAPE 20.920 18.891 15.745 13.952 23.361 40.941 41.553 47.095 41.685
RMSE 61.781 56.334 52.698 47.872 60.579 62.150 63.391 71.255 63.988
TABLE 4. Prediction error of each model based on wind farms A and B datasets.
Wind farm A Wind farm B
Model
BP Elman SVR LSTM K=6 LSTM BP Elman SVR LSTM K=5 LSTM
MAE 144.335 120.317 96.026 82.065 53.182 58.446 56.300 55.480 49.559 33.445
MAPE 33.441 34.516 28.101 23.413 12.490 34.215 31.261 30.627 20.579 14.117
RMSE 164.042 134.583 111.992 95.180 73.017 71.255 68.861 66.727 63.791 47.088
—— BP ] —— BP
= —+— Elman 800 —— Elman
%~ 1000 - SVR SVR
5 —<— LSTM 600 —<— LSTM
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FIGURE 11. Spot prediction results for 200 samples within wind farms A and B datasets. (a) Wind power spot prediction in wind farm A dataset. (b) Wind
power spot prediction in wind farm B dataset. (c) Wind power spot prediction error in wind farm A dataset. (d) Wind power spot prediction error in wind

farm B dataset.

be close to a certain large error value. The key reason is
that the number of samples in the same category set is too
sparse when the classification is too much, and the sample
data with more classification ambiguity is easily generated
at the classification boundary. For wind farm A, there is a
minimum error value when K = 6, and K = 6 is taken as
the optimal cluster number of the related prediction model
within wind farm A. Similarly, K = 5 is the optimal number
of clusters for wind farm B.

In order to evaluate the advantages and disadvantages
of the K-Means-LSTM network model, this section compares
the prediction effects of the K-Means-LSTM network model,
the LSTM network model, and the other prediction models
mentioned before.

The prediction results of each model under another 200 test
samples based on wind farms A and B are shown in Table 4.
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Fig. 11 shows the real-time prediction values and errors of the
related prediction models.

It can be seen from Table 4 and Fig. 11 that several types of
prediction errors of each model within wind farm B data are
smaller than those of A. The main factor is that the numerical
fluctuation range of wind power within wind farm B is rela-
tively small and gentle. Among them, the prediction error of
SVR is larger, and the prediction effect is second to that of the
LSTM network. The prediction effect of the Elman network
is similar to that of the BP network, which is worse than SVR
and LSTM. However, the prediction results of both types
of networks are easy to fall into local optimum. After the
reasonable search of K value, the optimal K-Means-LSTM
prediction model is obtained. The prediction effect of this
model is the closest to the real power curve. Therefore,
the validity of the combined prediction method proposed
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FIGURE 12. PDF of predicted error within wind farm A.
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FIGURE 13. PDF of predicted error within wind farm B.

in this paper is verified. The main advantage of adopting
the LSTM network model is that the network model can link
the data of the previous time and the present time, so that the
fluctuation trend of the data is relatively flat. In this paper,
the Adam optimization algorithm and the dropout technology
are adopted for the LSTM network. The former guarantees
the efficiency and stability of the LSTM network model
training, and the latter can well solve the over-fitting problem
of the LSTM network model, so that the predicted power
fluctuation range is closer to the real power fluctuation.

C. PROBABILISTIC INTERVAL PREDICTION EFFECT
Fig. 12 and Fig. 13 show the effect of three models within
wind farm A and B datasets which are the nonparametric
KDE model with the optimal bandwidth, the random band-
width, and the Gaussian distribution model, respectively.

It can be seen from Fig. 12 and Fig. 13 that the
nonparametric KDE method with the optimal bandwidth has
the best fitting effect and is the closest to the distribution
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FIGURE 14. CDF of predicted error within wind farm A.
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FIGURE 15. CDF of predicted error within wind farm B.

of the real power error dataset. The related cumulative dis-
tribution function (CDF) is obtained for each PDF fitted
in Fig. 14 and Fig. 15. Based on the definition of the quantile,
the upper and lower quantiles within different confidence
levels are shown in Fig. 14 and Fig. 15.

As can be seen from Fig. 14 and Fig. 15, the CDF obtained
is largely different due to the inconsistency in the PDF.

The quantile points at /2 = 5%, a/2 = 10%, and o/2
= 15% are respectively taken for each CDF to obtain the
prediction power fluctuation range at the confidence level
of 90%, 80%, and 70%. Combined with the K-Means-LSTM
spot prediction model in Section III, Fig. 16, Fig. 17, and
Fig. 18 show the fluctuation effect of the wind power predic-
tion interval within wind farm A. And the prediction results
of the wind farm B are shown in Fig. 19, Fig. 20, and Fig. 21.

In order to quantitatively describe the application effects
of the PDFs of different wind power predicted error, based
on the wind power fluctuation range, combined with the

165289



IEEE Access

B. Zhou et al.: Wind Power Prediction Based on LSTM Networks and Nonparametric KDE

1500

—————— 90%-Optimal bandwidth - 90%-Gaussian
------- 90%-Random bandwidth ~ —— Real

‘Wind power/kW

T T T T T
0 25 50 75 100 125 150 175 200
Number of samples

FIGURE 16. Interval prediction within wind farm A of 90% confidence.
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FIGURE 17. Interval prediction within wind farm A of 80% confidence.
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FIGURE 18. Interval prediction within wind farm A of 70% confidence.

evaluation criteria of Section IV.D, the evaluation results of
the interval prediction at the confidence of 90%, 80%, and
70% are calculated, shown in Table 5.

As can be seen from Table 5, as the confidence level
decreases, the width of the prediction interval decreases while
the interval coverage decreases. The nonparametric KDE
with the random bandwidth model has very high coverage
at the confidence levels of 90%, 80%, and 70%. Howeyver,
the {3, evaluation index is very large. Compared with the
other two methods, the information provided by this method
does not have high utilization value. Within the wind farm A
dataset, the £, evaluation index in the nonparametric KDE
with the optimal bandwidth model at the different confidence
levels is smaller than that of the Gaussian distribution model,
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FIGURE 19. Interval prediction within wind farm B of 90% confidence.
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FIGURE 20. Interval prediction within wind farm B of 80% confidence.
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FIGURE 21. Interval prediction within wind farm B of 70% confidence.

and R,y evaluation index is higher than that of the Gaussian
distribution model. Within wind farm B data, ¢, of the
optimal bandwidth model at the different confidence levels
is significantly smaller than that of the Gaussian distribution
model, which is beneficial to the auxiliary information on
the grid side. Only when R, is slightly lower than the
Gaussian distribution model at the confidence level of 70%,
and the occurrence of such incidents is allowed.

It is because the upper and lower boundaries of the
fluctuation intervals obtained by different models are dif-
ferent. Thus, their interval coverage rates also have some
differences. In general, the interval prediction performance
of the optimal bandwidth model is higher than that of the
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TABLE 5. Effect evaluation of interval prediction.

historical dataset as the error generation dataset by means of
data set division. This method makes the power error fluctu-
ation characteristics match the prediction preferences of the
model, and thus generates a reasonable wind power predic-
tion error dataset. A nonparametric KDE model with optimal
bandwidth is proposed to realize the probabilistic interval
prediction of wind power. Compared with the KDE model
with the random bandwidth and Gaussian distribution model,
the predicted interval width of the best bandwidth model is
not only smaller, but also has a higher coverage rate, which
can provide more reliable wind power auxiliary information.

Wind farm A Wind farm B
Confidence Method
o a
RCOV@V Cmean cover Cmean
bgf;:;?g:h 91.5% 332854  98.5%  284.123
90% Gaussian  89.5% 333290  98.5%  292.377
bl;sg\i‘i’gt‘h 98.5%  467.963  100.0%  435.905
bgnpgi:/‘i‘gih 85.5% 255895  97.0%  212.546
80% Gaussian  84.5%  259.676  97.0%  227.799
blzsg\‘i‘i’gh 91.5% 363914  98.5%  336.134
bgnpgﬁgih 80.0%  207.978  93.5%  169.928
70% Gaussian  79.5%  210.009  94.5% 184229
bgsg\‘i?gt‘h 88.0%  294.089  98.0%  270.411

Gaussian distribution model, which can provide a narrower
prediction interval and higher interval coverage at the same
confidence levels. In addition, the information obtained by
the random bandwidth model does not have a reliable and
beneficial auxiliary effect.

VI. CONCLUSION

The method of the wind power prediction within the wind
power historical data in the way of constructing supervised
learning has serious delays, and the delay effect differs by
a single unit time. Moreover, wind power prediction not
combined with NWP is inadequate for the strong randomness
of wind power. In order to avoid the above problems, this
paper introduces the historical datasets of wind power with
meteorological data as the research object, which comes from
two wind farms in the Northeast of China. The meteorological
data is regarded as NWP data in the micro-scale, and the
wind power prediction is realized by combining LSTM and
K-Means clustering algorithm and the nonparametric KDE
method with bandwidth optimization. The main work of this
paper can be summarized as follows:

a) This paper proposed an abnormal data processing
method based on DBSCAN and 3o technology for wind
power historical data. The experimental results show that the
method is effective and feasible, and the prediction accuracy
of wind power has been greatly improved after the abnormal
data processing.

b) Based on the varieties between the various factors
of wind power, the K-Means clustering method is used to
generate different clusters, and the wind power prediction
is realized by the combination of each cluster forming an
LSTM network model alone. Compared with BP, Elman
neural network, SVR, and LSTM network prediction models,
the K-Means-LSTM network model has higher accuracy for
wind power spot prediction.

c¢) In order to obtain the wind power prediction error for
the nonparametric KDE based interval prediction, a certain
proportion of data has been divided from the wind power
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