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Abstract: The accurate calculation and characteristic analysis of wind speed correlation (WSC) is the
basis of wind farm equivalent modeling, wind power prediction and other advanced applications.
It is well known that the accurate calculation of WSC depends on the quality of the raw data, and
the WSC of wind turbines is related to spatial, time and meteorological conditions. However, the
researches on the statistical analysis of time/meteorological WSC characteristics and the original data
quality improvement for WSC calculation are rarely carried out. This paper reviews and redefines the
concept and connotation of spatial, time and meteorological WSC. On this basis, a general process is
proposed for WSC calculation including data classification, extraction and cleaning. Then the WSC
characteristics between wind turbines are analyzed from time and meteorological dimensions based
on the actual operation data. In addition, the influence of time WSC and meteorological WSC on
wind turbine equivalent modeling and wind power prediction was discussed. The results of case
study shows that the proposed general WSC calculation process is feasible and effective; the WSC for
different time scales, wind speed ranges and wind directions varies greatly; the spatial WSC cannot
characterize the time variability and directionality of the WSC. And the time and meteorological WSC
characteristics are of great engineering value to improve the wind turbine equivalent modeling and
wind power prediction accuracy, the influence of time scale and meteorological conditions should be
considered in the applications of WSC.
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1. Introduction

With the rapid development of wind power technology, wind energy has been widely used in
the world as a type of renewable energy that is environment-friendly and abundant as well, but
its intrinsic properties such as uncertainty and random volatility have brought great challenges to
the security and stability of the power system [1,2]. Related researches shows that normally there
exists wind speed correlation (WSC) between wind farms or wind turbines with similar geographical
locations [3,4]. Theoretically, the study of WSC is not only helpful to analyze the power generation
output correlation, but also of great significance for the equivalent modeling of wind farms, wind
power prediction, and wind farm cluster control. This can effectively reduce the uncertainty and
ambiguity of wind power output and improve the safety and stability of power grid operation [4–7].
It is of great theoretical significance and engineering application value to carry out relevant research.
The study of WSC between wind farms or wind turbines involves WSC calculation, WSC characteristics
analysis and its advanced applications. The literature retrieval results show that the current WSC
calculation mainly concentrates on mathematical models and methodology, the Pearson correlation
coefficient method [8,9] and the optimal parameter Copula function analysis method [9,10] are
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proposed. When it comes to the characteristic study of WSC, current researches mainly focus on the
influence of spatial factors, such as terrain, geomorphology and surface roughness. Literature [11,12]
analyzed the WSC in different terrain conditions including hillsides, valleys, airports, pastures and
houses, coasts, rugged terrain, the junction between grassland and forest, it is concluded that the
WSC is stronger where the terrain is more flat with less obstacle, and the correlation is the strongest at
the coast, the weakest in the mountains. Advanced application based on WSC is a research hotspot
around the world, mainly researching its applications in wind turbine equivalent modeling [11–13],
wind power prediction [14,15], power flow calculation [16,17] and wind power integration stability
assessment [18,19], etc.

Theoretically, terrain, surface roughness and location, et al. spatial factors are almost constant
in a short time [11], but the WSC will be variable and uncertain in different seasons, calendar hours
because of the randomness of wind speed and direction [12]. So it is essential to study the influence
of seasons, calendar hours and meteorology factors on WSC characteristics [20,21], but little research
has been done on the time and meteorology characteristics analysis between wind turbines in a single
wind farm.

Moreover, it is apparent that the accurate measure of WSC is the basis of statistical analysis for
WSC characteristics and subsequent advanced applications. When analyzing the characteristics of time
and meteorological WSC, we need to classify and extract wind speed time series data by time ranges
and meteorological factors, which is different from the traditional spatial WSC analysis. The existing
spatial WSC calculation process is based on full-time time series data, which cannot classify and extract
data at different time and meteorology conditions. That is to say, a new WSC calculation process
should be established for the statistical analysis of its time and meteorological characteristics.

In addition, the occurrence of dirty data or data loss in the raw data due to turbine shutdown,
sensor failure or other factors will affect the authenticity and objectivity of the WSC. Thus, it’s necessary
to exclude dirty data and improve the data quality. Currently, the wind speed data cleaning and its
application mainly focus on wind turbine fault diagnosis, oscillation characteristic of wind time series
and wind power curve analysis [22–24]. Nevertheless, the WSC statistical analysis is based on aligned
time series wind speed data, but the wind speed data cleaning methods proposed in references cannot
satisfy this requirement. In view of this, this paper proposes a systematic process for WSC calculation
including data classification, extraction and cleaning. Then data samples of spatial adjacent wind
turbines in flat terrain are selected for statistical analysis of WSC distribution characteristics under
different time scales, wind speeds and wind directions. WSC and examples are presented to discuss the
influence of time WSC and meteorological WSC on wind turbine equivalent modeling and wind power
prediction. This work could supply reference for WSC calculation and its advanced applications.

2. General Calculation Process of WSC Coefficient

2.1. Description of WSC

The influence of spatial terrain, time scale and meteorological conditions should be fully
considered when researching the distribution characteristics of WSC. Carrying out WSC research under
different spatial, meteorological conditions and time scales has practical engineering value [11–13].
The spatial WSC refers to the correlation coefficient based on overall wind speed data, and it is
calculated with distinctions of spatial factors; The time WSC is focused on the statistical regularity of
correlation coefficient under different time scales, and the operational data should be classified and
extracted by different seasons, months, dates and hours; The meteorological WSC reflects the influence
of magnitude and direction of wind on the correlation coefficient, and the operational data should be
classified and extracted by different wind speed ranges and directions.

The traditional WSC calculation method and process are mainly focused on the spatial correlation
analysis, which do not involve the classification and extraction of operation data. Thus it’s not
applicable to the statistical calculation of time and meteorological correlation. In view of this, this paper
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presents a data processing method and correlation coefficient calculation process for the WSC analysis
of wind turbines to meet the needs of wind speed spatial, time and meteorological correlation analysis.

2.2. Classification, Extraction and Cleaning & Sorting for Wind Speed Operation Data

Currently, the spatial WSC research is based on overall historical operation data without
distinctions of specific factors, which cannot meet the data structure requirements of time and
meteorological correlation analysis. In order to describe the differences of wind turbine correlations
in different time scales and meteorological conditions, the operational data should be classified and
extracted to establish multi-dimension data sets according to specific factors such as seasons, months,
dates, hours, wind directions and magnitudes. In addition, it is worth noting that while a wind farm is
operating, there must be some dirty data or occurrence of data loss due to wind energy fluctuation,
sensor failure, turbine shutdown, or some human factors [25]. The raw data cannot reflect the true
operating status of wind turbines and the input-output characteristics between them. Therefore,
something must be done with the raw data before analysis.

Obviously, the operation data processing is based on the accurate retrieval of abnormal data.
Theoretically, wind speed can be used as a retrieval value to quickly remove the missing data caused by
turbine fault or shut down. But when the wind speed is too small or too large, the wind turbines are shut
down, in which case there is no engineering application significance to analyze the WSC. In our opinion,
statistical analysis of the WSC under the normal power generation state is of practical engineering
value for wind farm cluster control and the reducing the influence of wind power integration on
the safety and stability of power grid. According to the working principle of wind turbines and the
wind farm operation & maintenance regulations, when the input wind speed of a turbine is small
(or large), it fails to reach the cut-in wind speed (or reaches the cut-out wind speed), and the output
power of the turbine is zero. The output power is also zero when the wind turbine is faulty or shuts
down for maintenance. When the wind turbine is in the working state, its output power is greater
than zero. Researchers agree that statistical analysis of the WSC between wind turbines in the normal
power generation state is of practical engineering value for wind farm cluster control, grid wind power
reduction, and power grid security. Therefore, this paper selects the output power of the wind turbine
as the retrieval variable of data cleaning, and realizes the cleaning and sorting of the wind speed data.
The process is shown in Figure 1.
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Figure 1. Flow diagram of wind speed operation data cleaning and sorting. 
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The output power P being the retrieval mark, we set the rules, as in Equation (1).{
P(t) > 0 set to 1
P(t) ≤ 0 set to 0

(1)

where P(t) is the output power at different points of time. If P(t) is greater than zero, the tag value is
one; Otherwise, the tag value is zero. Data with a tag value of one are reserved, and those with a tag
value of zero are removed.

The steps for wind speed data cleaning are as follows:

• Classification and extraction of operation data

Collect original wind speed and power time series data from the supervisory control and data
acquisition (SCADA) system. Next, establish multi-dimensional data sets with distinctions according
to the demands of time and meteorological correlation research, such as seasons, months, dates, hours,
wind directions and magnitudes, and then extract wind speed data according to the dimensions of the
correlation analysis. Wind speed data vacancy filling and time alignment.

There might be data loss caused by turbine shut down or sensor failure in the extracted data.
The sampling points with no values are all interpolated with 0 zeros, and the data of different wind
turbines complete time alignment. The specific method is as follows:

Set wind speed data sampling interval as, the start sampling time is TS and the end time is TE.
If there are n wind turbines in a wind farm, the sample time scale selection rule is shown in Figure 2.
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It can be seen that the start time TS is the maximum value of all the start times and the end time
TE is the minimum value of all the end times, so the common period of wind speed sequence from all
wind turbines is selected for correlation analysis. The start time and end time of the selected data sets
are calculated as shown in Equation (2). During the sampling period TS~TE, the number of theoretical
sampling points for each turbine is shown in Equation (3).{

TS = max{ts1, ts2, . . . , tsi, . . . , tsn}
TE = min{te1, te2, . . . , tei, . . . , ten}

(2)

m =
TE − TS

∆t
(3)

where tsi indicates the start time of the ith wind turbine, tei indicates the end time of the ith wind turbine.
Therefore, the wind speed data sets for correlation analysis can be expressed by a n × m matrix,

represented by V, as shown in Equation (4). Similarly, the power output of wind turbines at the
corresponding time can also be expressed by a n×m matrix, represented by P, as shown in Equation (5).
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V =



v11 v12 · · · v1j · · · v1m
v21 v22 · · · v2j · · · v2m

...
...

...
...

vi1 vi2 · · · vij · · · vim
...

...
...

...
vn1 vn2 · · · vnj · · · vnm


(4)

P =



p11 p12 · · · p1j · · · p1m
p21 p22 · · · p2j · · · p2m

...
...

...
...

pi1 pi2 · · · pij · · · pim
...

...
...

...
pn1 pn2 · · · pnj · · · pnm


(5)

where vij is the jth wind speed sampling value of the ith wind turbine, Pij is the power output value of
the ith wind turbine at the jth sampling time, in which i = 1, 2 ... n, j = 1, 2 ... m.

Next, the wind speed matrix V and the power output matrix P are assigned. It is firstly judged
whether the sampling time t of each turbine belongs to the sampling period [Ts, Te], data over that
range are deleted. Then, take the sampling time as the time axis. Fill in the original values of wind
speed vij and power output Pij at the corresponding time, and the sampling points with no values are
interpolated with 0 zeros. After traversing all the wind turbines, the elements in wind speed sampling
matrix V and power output matrix P are all assigned, and wind speed data vacancy filling and time
alignment are completed.

• Construction and correction of retrieval matrix for data cleaning and setting

The retrieval and mark rules based on power output time series is established to retrieve the wind
speed sequence, in order to obtain the retrieval matrix of each wind turbine. The retrieval rules based
on the power output P are as follows: when the power output is greater than zero, the corresponding
retrieval value is marked asone in the retrieval matrix; and when the power output is less than or equal
to zero, the corresponding retrieval value is marked as zero. Then the data marked one is reserved and
the data marked 0 needs to be removed.

If there are n wind turbines in the wind farm and the number of data points collected during the
sample period is m, then the power output time series of the ith turbine can be expressed by matrix
Pi, as shown in Equation (6). According to the retrieval and mark rules, the retrieval matrix of the ith
turbine could be obtained and be expressed by matrix Bi, as shown in Equation (7).

Pi =
[

p1i p2i . . . pji . . . pmi

]T
(6)

Bi =
[

b1i b2i . . . bji . . . bmi

]T
(7)

where Pij is the power output value of the ith wind turbine at the jth sampling time, Bij is the jth
retrieval value of the ith wind turbine, in which i = 1, 2 ... n, j = 1, 2 ... m.

The modified retrieval matrix is obtained by comprehensive calculation of the retrieval matrix of
each wind turbine. For the retrieval matrix Bi of all the wind turbines, the modified retrieval matrix B
is obtained by the calculation shown in Equation (8).

B =
[

b1 b2 · · · bj · · · bm

]T

=

[ n
∏
i=1

b1i
n
∏
i=1

b2i · · ·
n
∏
i=1

bmi

]T (8)
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where ∏ indicates quadrature operation, bj is the jth retrieval value, in which i = 1, 2 ... n, j = 1, 2 ... m.

• Wind speed data cleaning & sorting

According to the modified retrieval matrix, all the sample times marked with 0 in matrix B could
be obtained. Sort out and remove the data in wind speed matrix V corresponding to this time series,
move up the subsequent data accordingly to fill in the removed sampling points and achieve automatic
time alignment, then the wind speed time series can be obtained after data cleaning.

2.3. Calculation Flow of WSC between Wind Turbines

As is known above, the most notable difference between spatial, time and meteorological
correlation analysis is the data sets used in the calculation. Spatial correlation analysis is based on
overall wind speed data and does not involve data classification and extraction. Dissimilarly, the data
for time and meteorological correlation analyze need to be classified and extracted with distinctions
of time or meteorological factors. In view of this, a general calculation process is proposed for WSC
distribution characteristics analysis. The calculation process of spatial, time and meteorological
correlation are unified by the selection of data classification and extraction methods, as is shown in
Figure 3.

For the first step, data collection and cleaning. Based on the data of wind speed, wind direction
and wind power from the turbine’s SCADA system, construct a data matrix according to time series.
An retrieve matrix is constructed with the output power as the retrieve parameter, and abnormal
data points are selected by matrix operations. Remove wind speed singular points and complete the
automatic time alignment. Then, we obtain the clean and high quality wind speed data after tuning.

For the second step, wind speed series data classification and extraction. The WSC analysis of
wind turbines, according to different demands, can be divided into spatial correlation statistics, time
and meteorological correlation analysis. While analyzing time and meteorological WSC characteristics,
multi-dimensional stratification of the wind speed data is necessary, considering different time periods,
wind directions and wind speed ranges. Multi-dimensional wind speed data sets are established in
order to provide first-hand data for WSC calculation.
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For the third step, WSC calculation. Based on the wind speed data sets after stratification, the
WSC between different wind turbines is calculated bases on selected algorithm and the WSC between
wind turbines is evaluated quantitatively.

3. Case Analysis

3.1. Wind Speed Data Samples and Their Cleaning & Sorting

In order to ensure the objectivity and accuracy of the statistical analysis results and eliminate the
influence of spatial characteristics on time and meteorological correlation analysis, the sample data
selection should follow the following principles: (i) The data samples are derived from flat terrains
with abundant wind energy resources; (ii) The data samples should have a certain time span, which
can reflect the diversity of seasons and meteorological conditions; (iii) The actual operating data should
be a preferential selection for the data sample; (iv) Selected wind turbines with high spatial correlation.

Based on the above conditions, the actual operation data of T32 and T33 wind turbines in a
wind farm in zhangbei wind power base will be analyzed. Zhangbei wind power base is located in
the connecting zone of the North China Plain and the Inner Mongolia Plateau, with flat terrain and
abundant wind energy resource. And it is one of the eight million kilowatt class wind power bases
in China’s plan. The samples were taken from 1 June 2013 through 1 March 2014, at a 5-min interval.
Data book show that both T32 and T33 are SE8215-L3/1500kW type wind turbines, with its cut-in and
cut-out wind speeds being 3 m/s and 25 m/s, respectively. Geographically, T32 and T33 are located at
the same latitude, and T32 is upstream of T33, with a distance of 700 m apart. Figure 4 shows the wind
speed data series of 1000 sampling points (before and after data cleaning) of T32 and T33 in June 2013.

By comparing Figure 4a,b, it can be seen that the sampling points with the wind speed less than
3 m/s are removed after data cleaning and sorting. For sampling points set to be zero in the rough
wind speed time series, human interference in the data correlation analysis is avoided through time
alignment. Therefore, data cleaning is necessary, and the wind speed series cleaning method and
process proposed in this paper are valid, providing objective and accurate data for statistical analysis.
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Figure 4. Original wind speed data and cleaned wind speed data; (a) original data; (b) cleaned and
sorted data.

As motioned in above, the Pearson correlation coefficient method and the Copula function theory
based method have been proposed to calculate WSC coefficient. Among, the Pearson correlation
coefficient, due to its simple calculation and reliability, has obtained extensive applications in describe
linear correlation. The Copula function theory, due to its strong nonlinear correlation analysis, is
suitable for multivariate coupling correlation description [26]. Considering the WSC distribution
has nonlinear properties, the advantages of Copula function calculation method, and the calculation
method of the correlation coefficient is not the focus, therefore, the paper calculated WSC coefficient
by the Copula function theory based method.
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Using spatial WSC to calculate the wind speed data of the sample turbines, it is found that their
WSC coefficients before and after cleaning are 0.8697 and 0.9542, respectively. According to correlation
judgment criteria, the wind speeds between T32 and T33 are highly correlated, and their correlation
after cleaning is obviously better than that before cleaning. The cleaning of wind power data helps to
improve the calculation accuracy of the WSC of wind turbines. It can be clearly seen that data cleaning
and sorting is necessary for the statistical analysis of WSC distribution characteristics.

3.2. Time and Meteorological WSC Calculation and Characteristic Analysis

As we all know, the wind speed has some other attributes in addition to its magnitude, such as
wind time series and wind direction. It is clear that the wind spatial speed correlation statistics can only
reflect the magnitude of the wind speed but cannot describe the wind time series and wind direction.
However, the subsequent applications and analysis of WSC are based on its time series distribution and
meteorological distribution properties. Therefore, it is of great engineering significance to understand
the influence of wind energy’s time variability and directionality on the characteristics of wind turbines
with different wind speeds, wind directions and time periods [19–21]. In view of this, this section
will analyze the time and meteorological characteristics of WSC between turbines from multiple
dimensions—different months, days, hours and different wind speed ranges and wind direction zones.
A comparison will also be made between spatial WSC and time and meteorological WSC to find their
differences and impacts on wind farm equivalent modeling and wind power prediction.

3.2.1. WSC at the Monthly Time Scale

The correlation statistics at the monthly time scale are based on the monthly sampling. We examine
the monthly WSC coefficients from 1:00 to 4:00 during the period of June 2013 through February 2014.
The results are shown in Figure 5.

Energies 2018, 11, 219    8 of 15 

 

improve the calculation accuracy of the WSC of wind turbines. It can be clearly seen that data cleaning 

and sorting is necessary for the statistical analysis of WSC distribution characteristics. 

3.2. Time and Meteorological WSC Calculation and Characteristic Analysis 

As we all know, the wind speed has some other attributes in addition to its magnitude, such as 

wind time series and wind direction. It is clear that the wind spatial speed correlation statistics can only 

reflect the magnitude of the wind speed but cannot describe the wind time series and wind direction. 

However, the subsequent applications and analysis of WSC are based on its time series distribution and 

meteorological distribution properties. Therefore, it is of great engineering significance to understand 

the influence of wind energy’s time variability and directionality on the characteristics of wind turbines 

with different wind speeds, wind directions and time periods [19–21]. In view of this, this section will 

analyze  the  time  and  meteorological  characteristics  of  WSC  between  turbines  from  multiple 

dimensions—different months, days, hours and different wind speed ranges and wind direction zones. 

A comparison will also be made between spatial WSC and time and meteorological WSC to find their 

differences and impacts on wind farm equivalent modeling and wind power prediction. 

3.2.1. WSC at the Monthly Time Scale 

The  correlation  statistics  at  the monthly  time  scale  are based on  the monthly  sampling. We 

examine  the monthly WSC  coefficients  from 1:00  to 4:00 during  the period of  June 2013  through 

February 2014. The results are shown in Figure 5.   

 

Figure 5. Statistical curve of WSC coefficient in different month. 

It  can  be  seen  that  between  June  2013  and December  2013,  the WSC  coefficient  decreased 

gradually with the month, from 0.95 to 0. 55, while it began to climb starting from January 2014. 

3.2.2. WSC at the Daily Time Scale 

In this part, data stratification and analysis are based on the daily sampling. We examine the 

wind speed series correlation coefficients in June and July 2013, as shown in Figure 6.   

It is obvious to see from the figure that the wind speeds of the two wind turbines were highly 

correlated, but their correlation fluctuated greatly with the date, with a maximum fluctuation of 0.3. 

Ju
ne

 20
13

Ju
ly 

20
13

Aug
us

t 2
01

3

Sep
tem

be
r 2

01
3

Octo
be

r 2
01

3

Nov
em

be
r 2

01
3

Dec
em

be
r 2

01
3

Ja
nu

ary
 20

14

Feb
eru

ary
 20

14
0.5

0.6

0.7

0.8

0.9

1.0

co
rr

el
at

io
n 

of
 w

in
d 

sp
ee

d

 1 Hour
 2 Hour
 3 Hour
 4 Hour

Figure 5. Statistical curve of WSC coefficient in different month.

It can be seen that between June 2013 and December 2013, the WSC coefficient decreased gradually
with the month, from 0.95 to 0.55, while it began to climb starting from January 2014.

3.2.2. WSC at the Daily Time Scale

In this part, data stratification and analysis are based on the daily sampling. We examine the wind
speed series correlation coefficients in June and July 2013, as shown in Figure 6.

It is obvious to see from the figure that the wind speeds of the two wind turbines were highly
correlated, but their correlation fluctuated greatly with the date, with a maximum fluctuation of 0.3.
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Figure 6. Statistical curve of WSC coefficient in different day.

3.2.3. WSC at the Hourly Time Scale

This part mainly analyzes the correlation characteristics of the wind speeds in different periods of
time of the day. The wind speed data of the target wind turbines during June through August 2013 are
extracted for statistical calculation. The data are calculated on an hourly basis from midnight to 23:00.
The results are shown in Figure 7.
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Figure 7. Statistical curve of WSC coefficient in different hours.

As can be seen, for most parts of the day, the WSC coefficient between the two wind turbines
stayed above 0.9, with a minimum of 0.7. That is to say, there was strong correlation between the wind
speeds of the turbines. But between 11:00 and 13:00, the correlation decreased sharply.

3.2.4. WSC of Different Wind Speed Ranges

Wind speed is a direct manifestation of the wind farm meteorological condition. In this part,
the influence of wind speed magnitude on wind speed consistency between the wind turbines is
analyzed. Calculations are performed based on the wind speed data in June 2013, which are grouped
by the magnitude of wind speed, with an increment of 1 m/s. The results of correlation are shown in
Figure 8b. In order to avoid the possible influence of the wind zones on WSC statistics, the wind rose
of the month is drawn, as shown in Figure 8a. The wind was mainly in the north wind zone, and the
wind direction had no obvious change.

The correlation coefficient shows a steady upward trend. In the case of a small wind speed, the
correlation is low, with a minimum of 0.62, but the correlation coefficient increases with the wind
speed. If the wind speed is relatively large, say, 8 m/s or beyond, the correlation becomes very strong
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and stable, reaching approximately 0.94. From this, it can be seen that the WSC between wind turbines
is directly related to the magnitude of wind speed.Energies 2018, 11, 219    10 of 15 

 

 

(a)  (b)

Figure 8. Statistical curve of WSC coefficient under different wind speed segment; (a) Wind rose; (b) 

Statistical curve of WSC coefficient under different wind speed segment. 

3.2.5. WSC of Different Wind Direction Zones 

Wind speed and wind direction are closely meteorological related to each other, so it is necessary 

to analyze the impacts of wind direction on WSC. According to the wind direction division rules of 

the wind power industry, wind direction is divided into 16 zones, each being 22.5°. Analysis is made 

of the consistency correlation between wind turbines within each wind direction zone, and the results 

are given in Figure 9.   

 

(a)  (b)

Figure 9. Statistical curve of WSC coefficient under different wind directions zone; (a) Wind rose; (b) 

Statistical curve of WSC coefficient under different wind directions zones. 

It  is clear  that  the WSC  in  the southwest and northwest wind direction zones  is significantly 

higher than that in other zones, with a correlation coefficient of up to 0.95 and a minimum of 0.65. 

Draw  its wind  roses  of historical moments,  and  it  is  found  that wind  turbines  are most widely 

distributed  in  the  southwest  and  northwest wind  direction  zones.  Therefore,  the WSC  of wind 

turbines is related to the wind direction zone and is most affected by the dominant wind direction. 

4. Discussion and Outlook 

The statistical analysis of time and meteorological WSC between wind turbines of a wind farm 

in Zhangbei wind power base suggests that the WSC has the following characteristics: 

 The WSC shows an obvious seasonal trend. In Figure 5 of the case analysis part, the correlation 

coefficient between wind turbines decreased from 0.9 to 0.6 in the second half of the year and 

rose to 0.85 in the first half of the year;   

0

20

40

60

80

N
NNE

NE

ENE

E

ESE

SE

SSE
S

SSW

SW

WSW

W

WNW

NW

NNW

0

20

40

60

80

 

 
3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

0.6

0.7

0.8

0.9

1.0

co
rr

el
at

io
n

 o
f 

w
in

d 
sp

ee
d

wind speed（m/s）

0

5

10

15

20

25

30
N

NNE

NE

ENE

E

ESE

SE

SSE
S

SSW

SW

WSW

W

WNW

NW

NNW

0

5

10

15

20

25

30

 

 S
SE
E SE ES

E E
EN
E NE NN

E N
NW
N
NW
W
NW W

W
SW SW SS

W
0.6

0.7

0.8

0.9

1.0

co
rr

el
at

io
n 

of
 w

in
d 

sp
ee

d

wind direction

Figure 8. Statistical curve of WSC coefficient under different wind speed segment; (a) Wind rose;
(b) Statistical curve of WSC coefficient under different wind speed segment.

3.2.5. WSC of Different Wind Direction Zones

Wind speed and wind direction are closely meteorological related to each other, so it is necessary
to analyze the impacts of wind direction on WSC. According to the wind direction division rules of the
wind power industry, wind direction is divided into 16 zones, each being 22.5◦. Analysis is made of
the consistency correlation between wind turbines within each wind direction zone, and the results are
given in Figure 9.
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Figure 9. Statistical curve of WSC coefficient under different wind directions zone; (a) Wind rose;
(b) Statistical curve of WSC coefficient under different wind directions zones.

It is clear that the WSC in the southwest and northwest wind direction zones is significantly higher
than that in other zones, with a correlation coefficient of up to 0.95 and a minimum of 0.65. Draw its
wind roses of historical moments, and it is found that wind turbines are most widely distributed in the
southwest and northwest wind direction zones. Therefore, the WSC of wind turbines is related to the
wind direction zone and is most affected by the dominant wind direction.
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4. Discussion and Outlook

The statistical analysis of time and meteorological WSC between wind turbines of a wind farm in
Zhangbei wind power base suggests that the WSC has the following characteristics:

• The WSC shows an obvious seasonal trend. In Figure 5 of the case analysis part, the correlation
coefficient between wind turbines decreased from 0.9 to 0.6 in the second half of the year and rose
to 0.85 in the first half of the year;

• The WSC at the daily time scale shows dynamic fluctuations, and in some periods of the day it
changes considerably. As presented in Figure 6, the correlation coefficient has a fluctuation of up
to 0.3 on different dates of the month, and the correlation coefficient of two wind turbines can
reach more than 0.3 on the same date in different months;

• The WSC between wind turbines is largely affected by wind speed and wind direction. As shown
in Figure 7, for wind speeds of over 8 m/s, the correlation coefficient of wind turbines can be up to
0.94, and it might be as low as 0.7 for a low wind speed. In Figure 8, the southwest and northwest
wind direction zones have an obviously higher WSC coefficient than other wind direction zones,
reaching 0.95. For the dominant wind direction and medium-high wind speeds (8~18 m/s), wind
turbines show strong consistency.

The seasonal variation, wind speed zone difference, and wind directionality contribute to the
change of WSC between wind turbines. Different time periods, wind speeds and wind directions
cause the correlation to vary. These factors, theoretically, affect the accuracy and reliability of wind
farm equivalent modeling and wind power prediction based on WSC. In this paper, the T32 and T33
wind turbines have been used as an example for correlation equivalence and power prediction error
check analysis.

Shown in Figure 10 are the equivalent power curve and the actual power curve based on 400
sampling points from the operation data the two wind turbines in the case analysis. (The global WSC
of the selected sampling points is 0.875, and therefore they are highly correlated.) The equivalent
power curve is twice the power generation curve of T32, and it is used to simulate T32 and T33 in
equivalent modeling simulation calculation. The actual power curve is the combined output power of
T32 and T33 in simulated modeling.
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Figure 10. Comparison curve of equivalent power and actual power; (a) Actual wind speed curves;
(b) Equivalent power curve and actual power curve.

It can be seen from Figure 9 that when the wind speed is too low to reach the cut-in speed,
its output power is zero. The ultra-low wind speeds have been removed during the data cleaning
stage, and has no effect on the output power equivalence of the wind turbines. When the wind speed
value reaches the rated value or above, the correlation between the two turbines is high and stable.
A comparison with the actual output power shows that both turbines are operating at the rated power.
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In theory, equivalent turbines are used for simplicity while achieving accuracy. For medium-high wind
speeds, there is a rather big difference between the turbine’s equivalent output power and its actual
power, with great fluctuations. In the strong WSC range, the error between the turbine’s equivalent
power and actual power is small, and the error increases noticeably in the weak correlation range.

Figure 11 shows the output power equivalent error proportional distribution statistics of the two
wind turbines in different wind speed ranges. It can be seen that the equivalent error of the output
power at different wind speeds is approximately normal distribution. The higher the correlation
between the wind turbines (higher wind speeds), the more concentrated the error distribution of the
output power, and the smaller the error. When the WSC is high, the output power error is between
5~10%, while the error can reach 20~30% when the WSC is relatively weak (lower wind speeds).
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Figure 11. Error distribution of output power under different wind speed.

Obviously, there are some limitations of wind turbines’ equivalent simplifying & modeling and
wind power prediction based on the global WSC index. In some cases, equivalent wind turbines with
strong global correlation might be in the low wind speed range or non-dominant wind direction zone,
the equivalence and prediction errors caused by global calculation might be great. Therefore, it is
necessary to study the influence of WSC on turbine equivalence and prediction accuracy by the time
period, wind speed range and wind direction zone.

Based on the same turbines of T32 and T33 above, their historical operation data from June 2013 to
February 2014 were analyzed, the time and meteorological WSC equivalence/prediction error analysis
was carried out. The results are as follows.

• Analysis of the influence of WSC at different time scales

Figure 12 shows the equivalent power error curves of T32 and T33 from January 2013 to February
2014 at monthly and daily time scales, respectively.

It can be seen that there is a significant negative correlation between the WSC coefficient and
the equivalent error. That is, the stronger the WSC between the turbines, the higher the equivalence
accuracy. The error is less than 10%, which meets the modeling and power prediction requirements.
When the WSC decreases to moderate correlation or below, the equivalent error will increase
significantly to 20% or more, which is not suitable for equivalence reduction In addition, the seasonal
characteristics of WSC also indicate that in turbine equivalence and power prediction we should
distinguish the month and dynamic grouping equivalent in order to improve the equivalence accuracy.
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Figure 12. WSC coefficient and equivalent power error at different time scales; (a) Equivalent error at
daily time scale; (b) Equivalent error at monthly time scale.

• Analysis of the influence of WSC in different wind speed ranges

The error distribution of wind turbine equivalence in different wind speed ranges is shown in
Figure 13. Apparently, in the medium and high wind speed ranges, the turbine equivalence accuracy
and power prediction accuracy are both high, with an error of below 5%. However, the global
equivalent error calculated by using the global WSC is 25%. To figure out why this happens, let us
draw the wind speed-frequency histogram of the wind turbine.
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Figure 13. Equivalent error distribution in different wind speed ranges; (a) Equivalent error in different
wind speed ranges; (b) Wind speed-frequency histogram.

It is obvious that the actual wind speed of the wind turbine is in Weibull distribution. The medium
and low wind speeds account for more than 80%, resulting in a relatively large prediction error of
global equivalence. The wind speed variability due to WSC directly affects the accuracy of turbine
equivalence. The correlation test in different wind speed ranges and the dynamic grouping equivalence
can reduce the error of equivalent prediction dramatically. Theoretically, the equivalent error can be
reduced to 10%.

• Analysis of the influence of WSC in different wind direction zones

Figure 14 shows the equivalent error analysis of T32 and T33 in different wind direction zones,
whose division is based on the international standard rule.
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Figure 14. Equivalent error distribution in different wind direction zones; (a) Equivalent error in
different wind direction zones; (b) Wind speed-frequency histogram.

It can be seen that the wind turbine has good equivalence in some wind direction zones, with
the power output error being less than 5%. But according to the wind rose, the wind direction zones
with high WSC account for only 3% of the total. Its excellent equivalent effect is overwhelmed by most
of the wind direction zones with poor equivalent effect, leading to the equivalent error calculated by
using the global WSC being up to 25%. The equivalence of the wind turbine and its power prediction
should be made with the directionality of the WSC in mind, and dynamic equivalent modeling should
be carried out according to specific wind direction zones in order to make the equivalent modeling of
wind farms more accurate and scientific.

In view of the time variability, wind speed difference, and directionality of the WSC between
wind turbines, together with the multi-dimensional equivalent error analysis results, the author
recommends the following basic strategies in wind farm equivalent modeling and wind speed/wind
power prediction.

• For different follow-up applications of WSC, it is necessary to calculate the correlation between
wind turbines under different dimensions.

• Wind turbines should be grouped dynamically according to the WSC coefficients at different time
scales. While making wind speed/wind power predictions, we need to distinguish between low
and high wind speeds, dominant and non-dominant wind directions.

5. Conclusions

The proposed data cleaning method for WSC can effectively eliminate dirty data and improve
the data quality. And the proposed WSC calculation process is proved to be effective in correlation
calculation for wind speed spatial, time and meteorological correlation between the wind turbines.
The results of case study show that the time WSC is time-varying and displays significant differences
for different seasons, time periods, wind speeds, and wind directions; The WSC is high and stable
when the wind turbine is under the circumstance of dominant wind direction or middle/high wind
speed; By contrast, the spatial WSC cannot illustrate these differences and variances, it has limitations.
Differentiating the spatial, time, meteorological WSC can reduce the error of wind farm equivalent
modeling and wind power forecasting. The quantitative analysis of the impacts of WSC between wind
turbines under different time/meteorological conditions and strategies for coping with them are of
great engineering value.
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