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Abstract The wind power and load are both affected by the meteorological factors.
Studying on the correlation between wind power and load in different weather
conditions is beneficial to reduce the double uncertainties on the sides of source and
load, and significant to the planning, dispatching, safe and stable operation of the
electric power system. First, the improved algorithm of traditional K-means clus-
tering algorithm—X-means is adopted to divide the daily meteorological factors of
wind speed and temperature, which mainly affect the wind power and load. Then,
the Pearson, Kendall and Spearman correlation coefficients are used to analyze the
correlation between wind power and load variables in different weather conditions.
Finally, the optimal Copula function is selected from four commonly-used Copula
functions to describe the joint distribution of wind power and load in each weather
condition. Furthermore, the data in another place is used to verify the correlation
between wind power and load with the weather condition. The conclusions are as
follows: (1) the X-means algorithm can realize the effective classification of
weather conditions. (2) The positive correlation between wind power and load is
mainly concentrated in summer or near summer, the negative correlation between
them is mainly concentrated in winter or near winter. (3) The correlation between
wind power and load is quite varying in different weather conditions, but the joint
distributions are basically consistent with the Archimedes Copula functions, and the
tail correlation coefficients of their distribution are zero under most weather con-
ditions. (4) There is a repeated rule between wind power and load with the weather
condition.
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1 Introduction

In the source side, with the high proportion of wind power integration, the volatility
and intermittency of its output have a significant adverse impact on the reliability of
power system and the power quality [1]. In the load side, as the proportion of
activity load rises yearly, its uncertainty also increases greatly [2]. The double
uncertainties of source and load sides pose huge challenges to the planning,
scheduling, safe and stable operation of the electric power system [3, 4]. However,
the wind power and load are both affected by the meteorological factors, studying
on the correlation relationship between them under different weather conditions is
beneficial to reduce the double uncertainties on the sides of source and load,
improve the joint forecasting accuracy, and arrange the reserve capacity in advance,
etc. [5].

Some scholars have already researched on the correlation between wind power
and load at present. Li et al. [6] studied the correlation between wind power and
load time series through the spatial transformation of probability distribution. The
results show that the correlation relationship could impact the overload risk of the
transmission line. Lin et al. [7] analyzed the linear correlation between the wind
power time series and typical daily load, and proposed a new method to calculate
the peak regulation capacity of wind power by considering the correlation between
them. It is suggested from researches that the presented method shows great
advantages when the wind power capacity of the regional power grid is more than
10% of the maximum load. Zhao et al. [8] researched on the correlation between
wind power output and load change in a provincial power grid at the time scale of
month and day, respectively. It can be seen that the monthly average output of wind
power is negatively correlated with the load change of the power grid.

Some other scholars have considered the correlation between wind power and
load in making investment decisions, calculating operation costs and assessing the
adequacy of electric power system, etc. Baringo et al. [9] proposed two method-
ologies to generate the wind power and electric load time series which considered
their uncertainty and the correlation between them. The results show that the sce-
nario selection has a significant impact on the investment decision. Ak et al. [10]
presented a multi-layer perceptron artificial neural network for interval forecasting
of wind power and load, which accounting for the associated uncertainties of them
simultaneously. Mazidi et al. [11] implemented a two-stage stochastic objective
function which aiming at the minimization of the expected operation cost, and the
reserve requirement in this function is provided by a combination of responsive
load and renewable energy. Korkas et al. [12] presented a novel control algorithm
for joint the demand response load, renewable energy and energy storage which
considered the correlation between the source side and the load side. Liu et al. [13]
proposed a two-stage robust security-constrained unit commitment method by
considering the correlation of wind power and load, which could eliminate the
undesirable scenarios and further limit the level of conservatism of the robust
solution.
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However, the above researches still have the following deficiencies. When the
correlation between wind power and load is analyzed, the weather conditions are
not taken into account and the correlation of them are not further studied in different
scenarios. When the correlation between wind power and load is applied to the
actual situation, the correlative differences between them in different scenarios are
considered, but the correlation relationships are not stated. Therefore, the correla-
tion between wind power and load is specific researched in different weather
conditions in this paper. First, the improved algorithm of traditional K-means
clustering algorithm—X-means is adopted to divide the daily meteorological fac-
tors of wind speed and temperature, which mainly affect the wind power and load.
Then, the correlation between wind power and load variables in different weather
conditions is studied based on the Pearson, Kendall and Spearman correlation
coefficients, and the monthly distributions of different correlations are analyzed.
Finally, based on the Euclidean distance, the optimal Copula function is selected
from four commonly-used Copula functions, including t-student Copula function,
Gumbel Copula function, Clayton Copula function and Frank Copula function to
describe the joint distribution of wind power and load in each weather condition.
The correlation between them is further studied on the basis of the optimal Copula
function. Furthermore, the data in another place (Portland) is used to validate the
correlation between wind power and load with the weather condition.

The remainder of this paper is organized as follows. In Sect. 2, the weather
conditions are classified by using the X-means clustering algorithm according to the
meteorological factors of wind speed and temperature. Section 3 studied the cor-
relation between wind power and load in different weather conditions in
Providence, and verified the obtained correlation in Portland. Section 4 concludes
this paper.

2 Classification of Weather Conditions

The data used in this study is from two places, one is the Providence area of Rhode
Island, USA, and the other is the Portland area of Maine, USA. The data in
Providence is employed to analyze the correlation between wind power and load in
different weather conditions, and the data in Portland is employed to validate the
correlation with the weather condition. The wind power data, including the wind
speed and output data, is derived from the grid integration data of National
Renewable Energy Laboratory (NREL) [14]. The length and temporal resolution of
the data is 6 years (from 2007 to 2012) and 5 min, respectively. The load and
temperature data are the real time data of ISO New England electricity market, the
dataset is publicly available on the official website of the ISO New England
Incorporation [15]. The length and temporal resolution of the data is 8 years (from
2008 to 2015) and 1 h, respectively. Therefore, the data used in this study is from
2008 to 2012, and the temporal resolution is 1 h. Note, the data of Feb. 29 in 2008
and 2012, and Dec. 31 in these five years is missing.
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First of all, the Pearson linear correlation coefficient, Kendall rank correlation
coefficient and Spearman rank correlation coefficient are employed to analyze the
correlation between wind power and load variables. The calculation method of each
correlation coefficient is as follows.

(1) Pearson linear correlation coefficient (r)

Pearson linear correlation coefficient is the quotient of covariance and standard
deviation between two variables and the calculation formula is shown in Eq. (1).

r ¼ cov �P; �Lð Þ
r �Pð Þr �Lð Þ ¼

E �P�Lð Þ � E �Pð ÞE �Lð Þ
r �Pð Þr �Lð Þ ð1Þ

Pearson correlation coefficient reflects the linear correlation relationship between
the wind power time series �P tð Þ and load time series �L tð Þ. The closer absolute value
of r is to 1, the linear correlation between two variables is stronger.

(2) Kendall rank correlation coefficient (s)

s ¼ P �P ið Þ � �P jð Þð Þ �L ið Þ � �L jð Þð Þ[ 0ð Þ � P �P ið Þ � �P jð Þð Þ �L ið Þ � �L jð Þð Þ\0ð Þ
ð2Þ

where, P �P ið Þ � �P jð Þð Þ �L ið Þ � �L jð Þð Þ[ 0ð Þ and P �P ið Þ � �P jð Þð Þ �L ið Þ � �L jð Þð Þ\ð
0Þ represents the probability of harmony and disharmony, respectively, between
the wind power and load at time of i and j. The difference of them is the Kendall
rank correlation coefficient.

(3) Spearman rank correlation coefficient (qs)

qs ¼ 3 P �P ið Þ � �P jð Þð Þ �L ið Þ � �L kð Þð Þ[ 0ð Þ � P �P ið Þ � �P jð Þð Þ �L ið Þ � �L kð Þð Þ\0ð Þf g
ð3Þ

where, P �P ið Þ � �P jð Þð Þ �L ið Þ � �L kð Þð Þ[ 0ð Þ and P �P ið Þ � �P jð Þð Þ �L ið Þ � �L kð Þð Þ\ð
0Þ represents the probability of harmony and disharmony, respectively, between
�P ið Þ; �L ið Þð Þ and �P jð Þ; �L kð Þð Þ.

The correlation coefficients between wind power and load time series from 2008
to 2012 can be calculated according to the above formulas, the results are as
follows: r = 0.012, s = 0.023, qs = 0.035. It can be seen that, the correlation
relationship between wind power and load variables at the time scale of year,
including the linear and nonlinear correlation, is extremely weak, i.e. the wind
power and load are basically irrelevant if all data is used to analyze without fil-
tering. Therefore, the correlation between wind power and load should be further
studied in different scenarios.

The data used for analysis should be in the same magnitude, so the wind speed,
temperature, wind power and load time series are normalized, respectively. The
calculation formula is as follows.
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�X tð Þ ¼ X tð Þ � Xmin

Xmax � Xmin
ð4Þ

The correlation between wind speed and wind power, temperature and load is
analyzed, respectively, to illustrate the reasonableness of dividing the weather
conditions based on meteorological factors of wind speed and temperature. As can
be seen from Fig. 1, there is a cubic relationship between the wind speed and wind
power when the wind speed is between the cut-in speed and the cut-off speed. The
temperature and load is negatively correlated when the temperature is less than
about 18 °C, and positively correlated when the temperature is larger than about
18 °C. Therefore, the wind speed and temperature variables are chosen as the main
meteorological factors to classify the weather conditions in this study. The
improved algorithm of traditional K-means clustering algorithm—X-means [16] is
adopted to classify the weather conditions. Compared with the K-means algorithm,
the X-means algorithm only need to give the range of clustering number (k) in
advance, not the specific value of k. The clustering results will more scientific and
effective with the X-means algorithm.

The daily normalized wind speed and temperature data are clustered by X-means
algorithm and the weather condition in this area can be divided into 24 categories.
In order to further verify the effective of X-means algorithm, the traditional
K-means algorithm is adopted to cluster the daily normalized wind speed and
temperature data, and the clustering number is set from 1 to 50. The clustering error
of K-means is represented by the average Euclidean distance of each sample data to
its cluster center. The clustering error of K-means algorithm under different clus-
tering numbers is shown in Fig. 2. As can be seen that, with the increase of
clustering number, the clustering error of K-means is decreased and the descent rate
is gradually slow down. When the clustering number reaches 24, the descent rate is
basically near to zero. The clustering error only reduced by 0.046 when the clus-
tering number changes from 24 to 50. The results further illustrate the validity of
X-means clustering algorithm.
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Fig. 1 Correlation between meteorological factors and wind power or load
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3 Correlation Between Wind Power and Load in Different
Weather Conditions

3.1 Linear and Rank Correlation Coefficients

In this section, Pearson linear correlation coefficient is used as an example to
analyze the correlation between wind power and load variables in different weather
conditions first. The Pearson correlation coefficients of wind power and load in the
above 24 weather conditions (referred to as types in this paper) are calculated and
listed in Table 1. It can be seen that, the correlation between wind power and load
varies greatly in different weather conditions. The linear positive correlation
coefficient can be up to 0.500 and the linear negative correlation coefficient can be
low to 0.572.

Then, the monthly distribution of positive and negative linear correlation
between wind power and load is calculated, respectively, according to the results of
Pearson correlation coefficients in different weather conditions, as depicted in
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Fig. 2 Clustering error of K-means algorithm under different clustering numbers

Table 1 Pearson correlation coefficients in different weather conditions

Type 1 2 3 4 5 6 7 8

r 0.465 0.036 −0.082 0.333 0.128 0.402 −0.399 −0.227

Type 9 10 11 12 13 14 15 16

r 0.014 0.258 0.450 −0.084 0.355 0.442 −0.172 −0.092

Type 17 18 19 20 21 22 23 24

r −0.572 0.250 −0.351 0.500 −0.491 0.473 0.243 −0.221
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Fig. 3. It can be seen that, (1) the frequency of positive correlation between wind
power and load is higher than the negative correlation in these 5 years. The number
of days with positive and negative correlation accounted for 61.3 and 38.7% of the
total number of days, respectively. (2) The positive correlation between them is
mainly concentrated in summer or near summer, and the negative correlation is
mainly concentrated in winter or near winter.

In order to further analyze the linear correlation between wind power and load
variables in different weather conditions, the monthly distributions of different
degrees of linear correlation (moderate positive, weak positive, extremely weak
positive, moderate negative, weak negative and extremely weak positive) are shown
in Fig. 4. The discriminant basis is as follows, when 0.4 < |r| � 0.6, the correla-
tion is moderate; when 0.2 < |r| � 0.4, the correlation is weak; when |r| � 0.2, the
correlation is extremely weak. As can be seen from Fig. 4, (1) the weak correlation
accounted for the largest proportion, followed by the moderate correlation, and the
extremely weak correlation accounted for the smallest proportion among three
degrees of the linear correlation. (2) The distributions of positive and negative
correlation in different degrees are almost the same in each month. And the
probability that a positive correlation occurs in summer or near summer, a negative
correlation occurs in winter or near winter both increase with the correlation degree.

Then, the Kendall and Spearman correlation coefficients are used as the evalu-
ation indexes to further study the nonlinear correlation between wind power and
load variables in different weather conditions, as shown in Fig. 5. It can be seen
that, the variation trend of the linear and rank correlation between wind power and
load is basically the same in different weather conditions, the positive and negative
correlations between random variables do not vary with the correlation coefficients.
Therefore, the monthly distributions of nonlinear correlation are basically the same
as Figs. 3 and 4.
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Fig. 3 The monthly distributions of positive and negative linear correlations

Research on Correlation Between Wind Power and Load … 29



3.2 Joint Distributions Based on Optimal Copula Functions

Variables which with the same correlation coefficient may exhibit completely
diverse characteristics due to the different correlation structures between them. For
the research on the correlation between wind power and load, the real situation may

(a) Moderate positive (447 days) (b) Weak positive (456 days) (c) Extremely weak positive
(212 days) 

(d) Moderate negative 
(136 days)

(e) Weak negative (319 days) (f) Extremely weak negative
(250 days)
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Fig. 4 The monthly distributions of different linear correlation degrees

0 5 10 15 20 25
Weather condition

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

C
or

re
la

tio
n 

co
ef

fic
ie

nt

Pearson
Kendall

Spearman

Fig. 5 Linear and rank correlation coefficients in different weather conditions
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not be fully reflected if the relevant structure of them is ignored, which will lead to
the inaccurate or even incorrect correlation analysis results. Therefore, the joint
distributions of wind power and load are further analyzed in different weather
conditions in this section.

Firstly, four commonly-used Copula functions [17, 18], including t-student
Copula function, Gumbel Copula function, Clayton Copula function and Frank
Copula function are employed to fitted the joint distribution of wind power and load
in each weather condition. Among four Copula functions, Gumbel Copula function,
Clayton Copula function and Frank Copula function are the commonly-used
Copula functions of Archimedes. The four binary Copula distribution functions and
their respective characteristics are as follows.

(1) Binary t-student Copula distribution function

Ctðu; v; q; kÞ ¼
Z t�1

k ðuÞ

�1

Z t�1
k ðvÞ

�1

1

2p
ffiffiffiffiffiffiffiffiffiffiffiffiffi
1� q2

p 1þ s2 � 2qstþ t2

kð1� q2Þ
� ��kþ 2

2

dsdt ð5Þ

where, u, v is the marginal distribution function of wind power time series and load
time series, respectively; q is the linear correlation coefficient between two vari-
ables; k is the degree of the freedom of binary t-student Copula.

(2) Binary Gumbel Copula distribution function

C u; v; að Þ ¼ exp � � ln uð Þa þ � ln vð Þa½ �1=a
� �

ð6Þ

where, a 2 1;1½ �.
(3) Binary Clayton Copula distribution function

C u; v; að Þ ¼ max u�a þ v�a � 1½ ��1=a; 0
� �

ð7Þ

where, a 2 �1;1½ �n 0f g.
(4) Binary Frank Copula distribution function

C u; v; að Þ ¼ � 1
a
ln 1þ e�au � 1ð Þ e�av � 1ð Þ

e�a � 1

� �
ð8Þ

where, a 2 �1;1ð Þn 0f g.
Binary t-student Copula function has a thick symmetrical tail and is sensitive to

the tail-related changes between random variables, so it can capture the symmetrical
tail correlation between variables. Binary Gumbel Copula function and binary
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Clayton Copular function have an asymmetrical tail. The Gumbel Copula function
can capture the upper tail correlation between variables, and the lower tail corre-
lation coefficient of this Copula function is 0. The Clayton Copula function can
capture the lower tail correlation between variables, and the upper tail correlation
coefficient of this Copula function is 0. Binary Frank Copula function has an
independent and symmetrical tail, and the tail correlation coefficients of this Copula
function are both 0.

The more suitable Copula function which can describe the joint distribution of
wind power and load is selected from the above four commonly-used Copula
functions in each weather condition, according to the Euclidean distance among the
four Copula distributions and the empirical Copula distribution, respectively, as
depicted in Fig. 6 and listed in Table 2. The Kendall and Spearman rank correlation
coefficients, upper and lower tail correlation coefficients are calculated based on the
optimal Copula function, as listed in Table 2. The calculation formulas of the
correlation coefficients based on the Copula function are shown from Eqs. (9) to
(12).

s ¼ 4
Z1

0

Z1

0

C u; vð ÞdC u; vð Þ � 1 ð9Þ

qs ¼ 12
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Fig. 6 Selection of Copula functions in different weather conditions
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kup ¼ lim
u!1�

1� 2uþCðu; uÞ
1� u

ð11Þ

klow ¼ lim
u!0þ

Cðu; uÞ
u

ð12Þ

As can be seen from Fig. 6 and Table 2,

(1) when the wind power is positively correlated with load, the optimal Copula
function which can describe the joint distribution between them is different with
the weather condition. For example, Type 5 and Type 6 are more consistent
with the Gumbel Copula function, Type 11 is more consistent with the Clayton
Copula function, Type 20 is more consistent with the t-student Copula function,
the remaining weather conditions are more consistent with the Frank Copula
function. In addition, although the Euclidean distance between t-student Copula
distribution function and the empirical Copula distribution function is smallest
in Type 20, the upper and lower tail correlation coefficients are both only 0.001.
It can be considered that the joint distribution of wind power and load is
basically independent in the tail under this weather condition. When the wind
power is negatively correlated with load, the optimal Copula function which
can describe the joint distribution between them is more consistent with the
Frank Copula function in each weather condition.

It can be concluded that the joint distributions of them are basically independent
in the tail under most weather conditions, and only under a few weather conditions,
the joint distributions of wind power and load show the upper tail correlation or the
lower tail correlation.

(2) The correlation coefficients which calculated according to the wind power and
load variables are basically the same as the correlation coefficients which cal-
culated based on the optimal Copula function in different weather conditions,
which further verifies the rationality of the selected optimal Copula functions.

Type 20, Type 6, Type 11, Type 17 and Type 22 are selected according to the
results in Table 2 which is more consistent with the t-student Copula function,
Gumbel Copula function, Clayton Copula function and Frank Copula function,
respectively. The daily variation curves, actual frequency distributions and joint
density distributions based on four Copula functions of wind power and load in
these five typical weather conditions are depicted in Fig. 7, and the Euclidean
distances among four Copula distributions and the empirical Copula distribution are
also listed in Fig. 7. It can be intuitively seen from the figure that the selected
optimal Copula function in each weather condition can better fit the frequency
distribution between wind power and load, and can describe the tail correlation of
the joint distribution between them accurately.
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3.3 Correlation Verification in Another Place

In this section, the data in Portland area of Maine, USA is used to validate the
correlation between wind power and load in different weather conditions which is
obtained above in Providence area of Rhode Island, USA. First, the daily normalized
wind speed and temperature data in Portland is classified into 24 categories according
to the cluster centers of wind speed and temperature in Providence based on the
evaluation index of Euclidean distance. Then, the Pearson correlation coefficient is
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employed to analyze the linear correlation between wind power and load variables in
24 weather conditions in Portland, and compared with the results in Providence, as
shown in Fig. 8a. Finally, the joint distribution between wind power and load in each
weather condition in Portland is also fitted based on four commonly-used Copula
functions, including t-student Copula function, Gumbel Copula function, Clayton
Copula function and Frank Copula function, and the optimal Copula function is
selected according to the Euclidean distance among the four Copula distributions and
the empirical Copula distribution. The Spearman rank correlation coefficients are
calculated based on the optimal Copula functions in 24 weather conditions, and
compared with the results in Providence, as shown in Fig. 8b.

As can be seen from Fig. 8, the variation trend of correlation between wind
power and load in different weather conditions is basically the same in these two
different places, i.e., there is a repeated rule between wind power and load with the
weather condition. The results further illustrate the necessity and validity of
studying the correlation between wind power and load in different weather con-
ditions, rather than based on all the data directly.

4 Conclusion

The correlation between wind power and load in different weather conditions is
systematically studied based on the correlation coefficients and Copula functions in
this paper. The main work and corresponding conclusions are as follows.

(1) The improved algorithm of traditional K-means clustering algorithm—X-means
is adopted to divide the daily meteorological factors of wind speed and tem-
perature, and the weather condition is classified into 24 types. The rationality
and effectiveness of X-means algorithm are verified according to the clustering
error of K-means algorithm under different clustering numbers.

(a) Pearson correlation coefficients
based on variables

(b) Spearman correlation coefficients
based on the optimal Copula functions
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(2) The correlation between wind power and load variables in different weather
conditions is analyzed based on the Pearson, Kendall and Spearman correlation
coefficients. The results show that, the correlation between wind power and
load is quite different with the weather condition. The positive correlation
between them is mainly concentrated in summer or near summer, the negative
correlation between them is mainly concentrated in winter or near winter, and
the probability of occurrence is increase with the correlation degree. The
positive and negative correlations between wind power and load variables do
not vary with the correlation coefficients.

(3) Four commonly-used Copula functions, including t-student Copula function,
Gumbel Copula function, Clayton Copula function and Frank Copula function
are employed to describe the joint distribution of wind power and load in each
weather condition. The results show that, the joint distributions of wind power
and load are more consistent with Frank Copula function, and the tail corre-
lation coefficients of their distribution are zero under most weather conditions.
Only in a few weather conditions, the joint distributions of wind power and
load are more consistent with Gumbel Copula function (Type 5 and Type 6)
and Clayton Copula function (Type 11).

(4) The data in another place (Portland) is used to validate the correlation between
wind power and load in different weather conditions. The results show that,
there is a repeated rule between the wind power and load with the weather
condition.

The research results of this paper can be applied for the planning and dispatching
of the electric power system, which with the double uncertainties of source and load
sides.
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