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Abstract: Aimed at the information loss problem of using discrete indicators in wind power output
characteristics analysis, a self-organizing map neural network-based clustering method is proposed
in this study. By identifying the appropriate representativeness and topological structure of the
competition layer, cluster analysis of the wind power output process in four seasons is realized. The
output characteristics are evaluated through multiple evaluation indicators. Taking the wind power
output of the Hunan power grid as a case study, the results underscore that the 1 x 3-dimensional
competition layer structure had the highest representativeness (72.9%), and the wind power output
processes of each season were divided into three categories, with a robust and stable topology
structure. Summer and winter were the most representative seasons. Summer had strong volatility
and small wind power outputs, which required the utilization of other power sources to balance
power supply and load demand. Winter featured low volatility and large wind power outputs,
necessitating cooperation with peak-shaving power sources to enhance the power grid’s absorbability
to wind power. The seasonal clustering analysis of wind power outputs will be helpful to analyze the
seasonality of wind power outputs and can provide scientific and technical support for guiding the
power grid’s operation and management.

Keywords: wind power output; clustering analysis; self-organizing map neural network; data mining;
Hunan grid

1. Introduction

With the advancement of the “carbon peaking and carbon neutrality” policy, the
integration of new energy into the power system has been developed rapidly [1-3], and
wind energy is currently one of the main forms of new energy utilization [4,5]. However,
wind power output exhibits strong intermittency and volatility [6,7], posing significant
challenges to the stable operation and programming of the power grid [8,9]. To effec-
tively accomplish tasks such as power balance and operational control in the power grid,
the clustering analysis of wind power output is crucial, as its accuracy directly impacts
wind power operation [10,11]. Wind power clustering involves dividing a collection of
high-dimensional wind power output data into multiple clusters composed of similar
objects [12,13], providing a reference for wind power output prediction [14,15], and offer-
ing scientific decision-making support for wind power operation, which is of paramount
importance for promoting the effective development and utilization of wind power [16,17].

Characteristic analysis is a fundamental method to study the law of wind power
output [18]. It mainly analyzes the characteristic indicators of wind power output, which
are usually expressed as extreme values and average values. Based on the extreme and
average values, Han et al. [19] adopted the fluctuation ratio and ramp ratio to describe
the volatility of wind power output; Wang et al. [20] utilized kurtosis and skewness as
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two indicators to characterize the characteristics of wind power output curves; and Li
et al. [21] employed fluctuation magnitude and rate indicators to reveal the fluctuation
characteristics of wind power. These characteristic analyses use discrete indicators to
describe the continuous output characteristics of wind power, resulting in a certain amount
of information loss. When fewer indicators are selected, only local characteristics of
the output can be revealed; on the contrary, when too many indicators are selected, the
information similarity will be too high, increasing the uncertainty of characteristic analysis
results. This problem currently exists in wind power characteristic analysis. Wind power
characteristic indicators often use simple statistical indicators such as maximum output,
minimum output, and daily peak-to-valley difference, which are all discrete characteristic
indicators. The analysis results make it difficult to characterize the topological structure of
wind power output data. As China implements “carbon peaking and carbon neutrality”,
new energy such as wind power has received unprecedented attention [22-24]. If merely
discrete indicators are used to analyze wind power characteristics, it will not be able to
meet the needs of the new era for the refined management of new energy classification.

Clustering analysis provides important foundational support for the refined manage-
ment of new energies such as wind power [25,26]. Commonly used clustering analysis
methods include K-means [27], principal component analysis [28], projection pursuit [29],
and the Self-Organizing Map (SOM) neural network [30]. Munshi [25] applied three cluster-
ing algorithms of two different unsupervised techniques to wind power output clustering
and improved the K-means method; Sumathy et al. [31] evaluated the application of K-
means and C-means algorithms to wind power data. An SOM can identify the entire
process characteristics and topological structure of the data [32,33], which not only reduces
information loss and clustering uncertainty but also overcomes the difficulty in cluster-
ing visualization caused by high input dimensions. Therefore, an SOM is more suitable
for the clustering analysis of high-dimensional nonlinear distributed wind power output
data [34,35].

Wind power output is intermittent and volatile and exhibits both diurnal and seasonal
variations [36,37]. The wind power output time series with the daily minimum window has
the strongest periodicity and has obvious daily and seasonal distribution characteristics.
Therefore, clustering the daily wind power output processes by season can extract wind
farm scenarios that simultaneously represent both diurnal and seasonal variations.

To address the issue of information loss in the analysis of wind power output charac-
teristics based on discrete indicators, this study proposes a wind power output clustering
method based on the Self-Organizing Map neural network to extract typical wind power
scenarios and perform characteristic analysis. Using the wind power output process of
the Hunan power grid, SOM networks with different dimensions of competitive layer
structures are trained. Combining representativeness and topology analysis, the optimal
dimension of the competitive layer structure (the number of clusters) was selected. Based
on the clustering results of the obtained optimal dimension, the seasonal patterns of wind
power output in the Hunan power grid were analyzed by considering the overall indicators,
segmented indicators, and single-point indicators. The extraction of typical wind power
output scenarios and characteristic analysis provide a basis for the refined management of
wind power output classification, which is conducive to improving the grid’s absorption
level of new energy and is of great significance to ensuring the stable operation of the
power system.

2. Methods

This study employs data-mining algorithms to extract typical seasonal scenarios of
wind power outputs to elevate wind power utilization rates and grid system stability. The
proposed framework of clustering analysis of wind power outputs is illustrated in Figure 1
and comprises three components. Firstly, the typical seasonal scenarios of wind power out-
puts across various dimensions are determined by using the SOM to establish a foundation
for characteristic analysis (Figure 1a). Subsequently, the competitive layer structure for
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the best dimensions is identified by utilizing relevant evaluation indicators to determine
the typical scenarios of wind power outputs (Figure 1b). Finally, the typical scenarios are
analyzed by adopting characteristic indicators to obtain the seasonal characteristics of wind
power outputs (Figure 1c). A concise overview of the adopted methods is provided below.

Characteristics analysis

a. Self-Organizing Map (SOM) b. Evaluation Indicators C. Characteristic Indicators
Clustering Algorithm: SOM . o —
- i . (1) Representation Rate (R.) (1) Average Daily Output (p)
max ( En )—min( £ 9%
= M x100% 5= 1 Z P,
max (Eo ) —min(Eo) ndaj—y
(2) Standard Deviation of Neurons’ (2) Median Difference in Valley
N Median Weights (Dgr) Periods (4p)
7 » % 5%
1M 7 Ap _'p » Pa }
Step 1: Initialization Process Dgr = MZ (e, —€)? (3) Minimum Output in Peak
n=1 Periods (P™") and Maximum
Step 2: Competition Process (3) Topological Structure Inversion Output in Valley Periods (P} ™)
the median weights of the neurons . :
ton 3 Tterati oces : 3 =min P,
Step 3 Iteration Process in the topological structure usually 92 T ter, !
9 7 me 1 e max
‘ o .shm\Aan increasing trend along a p = max P,
Step 4: Iteration Termination certain direction T 1<l

Clustering Analysis of Wind Power Output Based on Self-Organizing Map Neural Networks

Figure 1. The proposed framework of clustering analysis of wind power outputs: (a) Self-Organizing
Map; (b) evaluation indicators; (c) characteristic indicators.

2.1. Self-Organizing Map (SOM) Neural Network

The SOM, an unsupervised machine learning method, consists of an input layer and
a competition layer. It can effectively preserve the topological structure and distribution
characteristics of the original input data and is mainly used for the clustering analysis of
high-dimensional data [34,35,38]. The SOM has been successfully applied in water quality
analysis [39], flood process classification [40], and flood mapping classification [41], among
others. However, there is no research on wind power output process clustering based on
the SOM. The SOM can imitate the function of biological neurons and self-organize to mine
the essential characteristics among sample data. Through competitive training of neurons
in response to external stimuli [38], each high-dimensional wind power output process is
mapped onto two dimensions while maintaining the original topological structure of the
sample data. The principle and steps of clustering the wind power output process based
on the SOM are as follows:

2.1.1. Initialization Process

1.  Input a high-dimensional dataset of wind power outputs with N dimensions. Then,
normalize and organize it into Q input vectors with N dimensions, X; (94=1,2, ...,
Q), where Q is the number of samples in the dataset;
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Design the competitive layer structure based on the estimated number of clusters,
M, suchas1 x 2,1 x 3,and 2 x 3 dimensions corresponding to 2, 3, and 6 clusters,
respectively;

Set the competitive layer’s neurons according to N and M, randomly assign initial
values to the neurons” weights, and normalize them to obtain the initial weight vectors,
w= [wn]T (n=1,2,...,N), resulting in a weight matrix of M x N neurons;

Initialize the neighborhood radius O, (0), learning rate v(0), learning rate threshold
Umin, and maximum number of iterations Dpax-

2.1.2. Competition Process

1.

Calculate the distance between each input vector and the weight vector of each neuron
using the Euclidean distance formula:

dn:

where d,, is the distance between the weight vector of the competitive layer neuron
and the input vector; x, is the g-th input vector; and wg, is the weight vector of the
n-th neuron in the competitive layer corresponding to the g-th input variable.

Select the neuron with the smallest distance to each input vector as the winning
neuron.

2.1.3. Iteration Process

1.

Based on the winning neuron and the neighborhood radius, define the range of sample
points within the neighborhood radius of the winning neuron, forming the winning
neighborhood. The neighborhood radius shrinks as the number of iterations increases;
Update the weight vector of the winning neuron for the input vectors according to
the idea that the closer to the winning neuron, the greater the update amplitude, with
the purpose of making the winning neuron closer to the sample points within the
winning neighborhood.

wnm(t + 1) = wnm(t) + U(t) [an - wnm(t)] (2)

where 7 is the index of the input variable corresponding to a neuron in the winning
neighborhood; w, (t) is the weight value of the m-th neuron corresponding to the
n-th index at the t-th iteration; v(t) is the learning rate at the t-th iteration; and x,, is
the g-th input vector corresponding to the n-th index.

2.1.4. Iteration Termination

If the learning rate v(f) exceeds the threshold vpn, or the number of iterations ¢ does

not reach the maximum number of iterations Dmayx, continue the competition and iteration
process; otherwise, stop the calculation and output the final clustering analysis results of
wind power output data [42].

2.2. Evaluation Indicators for Identifying SOM Network Structure

1.

Representation Rate (R;): The ratio of neurons” median weight interval to samples’
median interval can reflect the representativeness of clustering. The calculation
formula is given as follows:

max(E,) — min(E,)

R, = 100%
“ " max(Ey) — min(Ey) x 100% ®)
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where E, is the vector of neurons’ median weights; Ey is the vector of samples’ medi-
ans; and max and min are the maximum and minimum elements of E;, respectively.
A larger R, value indicates better clustering representativeness [41].

Standard Deviation of Neurons’ Median Weights (Dgt): The standard deviation of
neurons’ median weights can reflect the diversity of clusters. The calculation formula
is given as follows:

where M is the number of clusters, e; (n =1, 2, ..., M) is the median weight of each
neuron, and ¢ is the mean of e,. A larger Dgr value indicates greater differences
between clusters.

Topological Structure Inversion: After training, the median weights of the neurons
in the topological structure usually show an increasing trend along a certain direc-
tion [24]. If the median weights of two adjacent neurons do not reflect such status,
it indicates that the neurons at these two positions in the topological structure are
inverted [41], meaning that the clustering results are unstable.

2.3. Characteristic Indicators of Wind Power Outputs

The wind power characteristic indicators selected in this study are not used in the

input stage of the SOM algorithm but in the post-evaluation stage of clustering results.
The peak and valley periods are divided according to the user load conditions in Hunan
Province. The specific division results are shown in Table 1. Wind power characteristic
indicators include overall indicators, segmented indicators, and single-point indicators.

1.

Overall Indicators, including Average Daily Output (p): The average wind power
output of a day can be intuitively identified as “high wind” or “low wind” on cer-

tain days.
6
P; ®)

S| =
0

?:

l
—

1
where # is the total number of data points and P; is the wind power output of the i-th
data point.

Segmented Indicators, including Median Difference in Valley Periods (Ap): The differ-
ence between the median of peak periods and the median of valley periods, which can
characterize the impact of wind power output on the power grid’s regulation capacity.

Ap = PpY% — Y (6)

where P2 and P30 represent the medians of peak and valley periods, respectively,

and the calculation formula is given as follows:

50% Plo,5(n+1) n is an odd number

To — ! ! : )
0.5(p 050 + Posngp1) 1 is an even number

whereo=1,2,and 3,and p’,(i=1,2, ..., n < 96) is the data point sequence sorted by
wind power outputs.

Single-point Indicators, including Minimum Output in Peak Periods (P{‘l‘i“) and Maxi-
mum Output in Valley Periods (Pp;*): The former reflects the minimum contribution
of wind power to the power grid during peak demand periods, while the latter reveals
the maximum challenge to the power grid’s stability during off-peak periods.

PR = %iT?Pt (8)
Pmax

T, — Iggsth 9)
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where P; is the wind power output at time ¢.
Table 1. User load division in Hunan province.
Period Symbolic Representation Specific Time Periods
Peak period Ty 11:00-14:00, 18:00-23:00
Off-peak period Ty 7:00-11:00, 14:00-18:00
Valley period T3 23:00-7:00 the next day

3. Study Area and Data Materials

In recent years, the Hunan power grid has formed a relatively complete provincial-
level power grid structure. The 500 kV level power network has built a backbone for
“West-to-East power transmission, North-South mutual aid”, and has constructed a ring
network operation pattern around the “two receiving ends” of eastern and southern Hunan
Province. The 220 kV level power grid has been continuously improved, and the power
supply service scope has expanded to 14 cities (prefectures) in the province, covering 96%
of the province’s area and serving 98% of the province’s population, basically forming a
provincial power supply pattern. The Hunan power grid, as a crucial infrastructure for
energy transmission and distribution, shoulders the important responsibility of ensuring
the power supply and reliability of Hunan Province.

With the advancement of the country’s “dual carbon” goals and the construction
of a new power system with new energy as the main body, new energy has ushered in
large-scale development opportunities [1,24]. The development of hydropower resources
in Hunan Province has reached saturation. In the future, the development of clean energy
will mainly focus on new energy fields such as wind power [2,3]. As of the end of 2017,
Hunan power grid’s installed wind power capacity reached 2.635 million kW, accounting
for about 6% of the total installed capacity; as of the end of March 2022, Hunan Province
has built 120 wind farms, and Hunan power grid’s installed wind power capacity reached
9 million kW, accounting for about 15% of the total installed capacity. The proportion
of wind power generation has been increasing continuously and has become one of the
important energy sources in Hunan. Under the trend of low-carbon energy development,
new energy sources such as wind power in Hunan will be connected to the power grid on a
large scale. The peak of power generation and the peak of power consumption often do not
match, resulting in a serious lack of peak load regulation during peak power consumption.
In addition, Hunan’s wind power resource utilization efficiency is not high, belonging to
the fourth category of wind energy resources, and the number of wind power utilization
hours is only about 70% and 50% of those in Yunnan and East Mongolia, respectively. The
cluster analysis of wind power outputs in the Hunan power grid has important reference
value for power supply during peak power consumption, optimal resource allocation,
optimal grid dispatching, and the “wind, light, water, fire, and storage” regulation and
operation system, thereby helping Hunan Province strengthen the cross-provincial balance
of power surplus and shortage.

Data on the entire daily wind power output process of the Hunan power grid from 2017
to 2022 (6 years) were collected, including 210,240 pieces of 15 min wind power output data
(=6 years x 365 days x 96-time steps) and a total of 2190 daily wind power output samples
(=6 years x 365 days), all of which are complete daily wind power output processes. This
dataset not only contains information such as the minimum output during peak periods,
the maximum output during off-peak periods, and fluctuations in output but also preserves
the characteristics of the entire wind power process, providing reliable input for wind
power cluster analysis. Approximately 549 daily wind power output scenarios (=6 years
x 3 months x 30.5 days) were used for each season to extract seasonal representatives of
daily wind power output events. Additionally, 12 seasonal representatives of daily wind
power output events for each of the four seasons (=3 scenarios x 4 seasons) were used for
clustering analysis of Hunan Province’s wind power output characteristics.
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4. Results

Since the dimension of the entire wind power output process is high (96 points),
it is necessary to train different competitive layer structures of the SOM to determine
the appropriate number of clusters. Firstly, three sizes of an SOM, 1 x 2, 1 x 3, and
2 x 2 dimensions, are used to train the wind power output data of spring, summer, autumn,
and winter for 10,000 iterations, and the wind power output processes of the Hunan power
grid from 2017 to 2022 are clustered into 2, 3, and 4 categories. Secondly, the representation
rate and topological structure indicators are used to optimize the competitive layer structure.
Finally, clustering analysis is performed based on the selected competitive layer structure,
and the reliability of the clustering results is evaluated using overall indicators, segmented
indicators, and single-point indicators.

4.1. Training SOM Neural Networks

Figure 2 reveals the variation of each neuron’s median weight corresponding to
training frequency for different SOM dimensions. The topology diagram of the competitive
layer is shown in the upper left corner, with each neuron identified by different colors and
circles. The right upper corner displays the R, values and Dgt values at the completion of
training. As shown in Figure 2, the distribution of the median weight values after training
is more dispersed than the initial values. The 1 x 3 dimension exhibits the largest value for
each period, with the maximum values being 61.2%, 72.9%, 66.5%, and 52.2% for spring,
summer, autumn, and winter, respectively. The SOM neurons are not uniformly distributed
between maximum and minimum values but tend to be located in the intervals where
sample data are more densely grouped, ensuring that neurons are trained to move closer
to the sample points in their respective winning neighborhoods. The R, values indicate
that the 1 x 2-dimensional competitive layer structure has poor representativeness for
wind power output clustering and is therefore not recommended. The 2 x 2-dimensional
structure still has neurons that nearly overlap each other, with unclear category boundaries,
so it is not recommended either. Further identification of the appropriate number of clusters
will be conducted using the competitive layer topology diagram.

Figure 3 provides a comparison diagram of the competitive layer topology in different
dimensions of the SOM. The median weight value of each neuron is represented by the size
and color depth of the circles, with the specific size reference on the right side. The number
inside each circle indicates the specific weight value of a neuron, and the information in
square brackets represents the position of a neuron in the competitive layer structure, with
arrows indicating the direction from small to large weight values. After training, the median
weight values of the neurons in all seasons increase in a certain direction without inversion
between neurons, indicating that the topological structure in each dimension can reflect the
original topological structure of the data. The 1 x 3-dimensional structure has the highest
representativeness, and the representativeness of the 2 x 2-dimensional structure is similar
to that of the 1 x 3-dimensional structure. However, too many categories in wind power
output clustering will blur the boundaries of each category; therefore the 1 x 3-dimensional
structure was selected as the competitive layer structure for the classification of wind power
output in the Hunan power grid.
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Figure 2. The variation of each neuron’s median neuron weight value corresponding to training
frequency in different stages of wind power generation.
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Figure 3. Comparison diagram of topological structures in different dimensions of wind power in
different periods.

4.2. Clustering Analysis of Wind Power Output Processes

Based on the 1 x 3-dimensional competitive layer structure, the wind power output
clustering results were further analyzed. First, the clustered wind power output process
diagram was drawn according to the competitive layer topology diagram of the neurons
(Figure 4), where the upper part of the figure labels the number of wind power output
samples in each category, and the lower part labels the position of the neuron in the
1 x 3 competitive layer structure (e.g., [1,3]).
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Figure 4. Wind power output process diagram for each period based on a 1 x 3-dimensional

competitive layer structure. The lines colored in gray, red, and blue represent the small, medium, and
large power outputs.
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Table 2 presents the characteristic values corresponding to each category of wind
power outputs. Combining Figure 4 and Table 2, it can be observed that the two most
distinct types of wind power outputs (Category 1 and Category 3) are distributed at the
ends of the competitive layer. Considering the topology of the SOM, the three indicators
of Category 1 are described as Low/Low/Low and those of Category 3 are described as
High/High/High, while Category 2 is described as Medium/Low /High. All categories
have positive Ap values, indicating positive peak shaving, and vice versa for negative peak
shaving. The wind power output samples in each category are named according to season
and category, such as Spring Category 1, Spring Category 2, and Spring Category 3, etc.
Category 3 has the fewest wind power output samples, which is consistent with the general
law of wind power outputs.

Combining the percentages in Table 2 and the overall indicator information, it is noted
that both the probability and p value of Category 3 in winter are the lowest. Moreover, the
trend of the typical winter scenario is the most stable, indicating that wind power output
is relatively stable in winter compared to those of the other seasons. Although both the
probability and p value of Category 3 in autumn are the highest, considering the trend of
the typical autumn scenario, the fluctuation in wind power output is relatively stable in
autumn compared to those of spring and summer. Figure 4 shows that wind power output
fluctuations are greatest in summer, followed by spring.

According to the percentages in Table 2 and the segmented and single-point indicators,
it can be seen that the frequencies of Category 1 and Category 2 in winter are positive peak
shaving, and the probability of Category 3 being negative peak shaving in winter is lower
than that of the other seasons. Moreover, the fluctuation is smaller in winter, indicating
that winter is relatively conducive to the stable operation of the power grid. In summer,
all categories are negative peak shaving, the two single-point indicators differ greatly, and
there is significant volatility in summer, indicating that summer wind power output poses
a certain threat to the stability of the power grid.

The overall and single-point indicators of Category 3 at [1, 3] in autumn are much
higher than those of the other categories of wind power outputs, indicating that the largest
wind power output in a year most likely occurs in autumn. The overall and single-point
indicators of Category 1 at [1, 1] in summer are the lowest among all categories, and the
probability of occurrence is the highest, indicating that the probability of the smallest wind
power output in summer is the highest. By overall control of the occurrence probabilities of
different categories in each season, the output is relatively small in summer but relatively
large in winter.

Combining Figure 4 and Table 2, it can be concluded that summer and winter are the
two most representative seasons. In summer, wind power and hydropower complement
each other in seasonal fluctuations [43]. During summer, wind power output is relatively
small and exhibits greater volatility. The proportion of wind power in the power system
is unstable, especially when the widespread use of air-conditioning equipment leads to a
significant increase in electricity demand, yet the load will fluctuate significantly. Therefore,
it is necessary to be prepared to use backup power sources such as pumped storage
power plants to cope with potential power shortages. Compared with thermal power
units and conventional hydropower units, pumped storage power stations not only have
more flexible regulation capabilities but also have a greater regulatory effect on the rapid
fluctuations in wind power [44,45]. They can store energy during high power output
(Category 3) and release energy during low power output (Category 1 and Category 2) or
when demand increases, which not only balances supply and demand but also improves
energy utilization and reduces reliance on thermal power units.
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Table 2. Eigenvalues of different clusters of wind power output in different seasons.

Overall MW  Segmented/ MW Single-Point /MW
Period Category Location Sample Size Percentage - A pmin pmac Category Representation *
p 4 T: Ts
1 [1,1] 295 53.40% 527 —228 370 687 1 March 2017 2 March 2017
Spring 2 [1,2] 224 40.60% 1435 168 1317 1555 30 March 2017 31 March 2017
3 [1,3] 33 6.00% 3264 716 3107 3440 12 March 2022 13 March 2022
1 [1,1] 369 66.80% 333 —124 180 476 1 June 2017 2 June 2017
Summer 2 [1,2] 147 26.60% 1969 —844 912 2813 5 June 2019 6 June 2019
3 [1,3] 36 6.60% 3374 —1589 2239 4449 12 July 2021 13 July 2021
1 [1,1] 285 52.20% 636 -89 492 801 1 September 2017 2 September 2017
Autumn 2 [1,2] 212 38.80% 1165 —56 1012 1335 11 October 2017 12 October 2017
3 [1,3] 49 9.00% 4375 121 3676 4710 7 October 2021 8 October 2021
1 [1,1] 365 67.50% 597 2 414 790 1 January 2017 2 January 2017
Winter 2 [1,2] 151 27.90% 1581 73 1326 1797 19 December 2017 20 December 2017
3 [1,3] 25 4.60% 2962 —229 2258 3362 17 December 2021 18 December 2021

* Note: Classification representation involves selecting two consecutive days or a continuous period that consistently falls into the same category as the representative.
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In winter, wind power has good regulation performance because it has relatively small
output fluctuation and relatively stable output. Therefore, wind power generation can be
better integrated with hydropower generation. When wind power output is high (Category
3), hydropower stations can reduce power generation and use the excess electricity for en-
ergy storage in pumped storage power stations. When wind power output is low (Category
1 and Category 2), hydropower stations can cooperate with pumped storage power stations
to increase power generation, supplement the power demand, and effectively improve
wind power absorption capacity.

Observing the two consecutive samples representing Category 3 wind power output
in each cluster, it was found that both occurred after 2021. In July 2021, Hunan Province
was hit by Typhoon “Inferno”, and in December 2021, Typhoon “Rai” occurred. This
demonstrates the reliability of the SOM in clustering wind power output.

5. Discussion

Usually, the analysis of wind power output characteristics often adopts indicators
similar to those used for load characteristics. However, unlike the stable characteristics of
the load curves, wind power output has obvious intermittent and fluctuating characteristics.
This indicator method not only fails to accurately reflect the characteristics of wind power
outputs but also overlooks crucial information. It does not provide guidance for the
operation of the power grid system. The clustering analysis of wind power outputs based
on the SOM conducted in this study can complete the data mining of high-dimensional and
long-sequence wind power outputs. Munshi [25] leveraged ant colony swarm clustering,
bat clustering, and K-means clustering techniques to analyze wind power output. The
evaluation of these unsupervised clustering algorithms was conducted using eight validity
indices, which involved a complex process to determine the optimal number of clusters.
Alternatively, Ou [46] employed the K-means algorithm to categorize the daily output
curves of offshore wind power into 20 distinct categories. The SOM clustering method
adopted in this paper is concise and clear while ensuring the accuracy of the clustering
results. Based on the wind power output clustering rules, future research can focus on
short-term wind power output prediction, peak shaving scheduling, and new energy
management. For instance, when forecasting wind power outputs, subsequent wind power
output processes can be predicted by comparing the current characteristics of wind power
outputs on the forecast day with those of various types of wind power outputs from the
corresponding period. During peak shaving scheduling, procedures can be developed
for different categories of wind power outputs. When similar wind power outputs occur,
the established procedures for peak shaving scheduling can be followed, ensuring stable
operation of the power grid. In new energy management, optimization scheduling plans
can be developed based on the characteristics of different categories of wind power outputs
to reduce the abandonment rate of new energy and enhance power supply security.

6. Conclusions and Recommendations

This study developed a seasonal wind power output clustering analysis method
based on the SOM, analyzed the representativeness and topological structure of different
competitive layer structures, selected the wind power output clustering results based on
the optimal competitive layer structure, realized the topological relationship mining of
the entire process of wind power output, and conducted a reasonable evaluation on SOM
results using overall, segmented, and single-point indicators. The main conclusions are
presented as follows:

First, the 1 x 2-dimensional competitive layer structure had significantly lower rep-
resentativeness compared to other dimensions. The 2 x 2-dimensional competitive layer
structure had unclear classification boundaries. In contrast, the 1 x 3-dimensional compet-
itive layer structure had the highest representativeness, there is no topological structure
inversion phenomenon, the number of categories is appropriate, and it can effectively
identify the clustering characteristics of the wind power output process in Hunan Province.
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Second, the wind power output process in Hunan Province could be divided into
four periods, spring, summer, autumn, and winter, each of which could be clustered into
three categories. The characteristics of wind power output in different categories varied,
and the topological structure of the corresponding neurons could effectively represent
the relationship and differences among the wind power output samples. This indicated
that SOM clustering could effectively extract wind power output characteristics and the
clustering results were reliable.

Third, summer was the most volatile for wind power output, while winter was the
most stable; summer posed the greatest threat to grid operation, while winter was relatively
conducive to grid stability. The largest and smallest wind power outputs in a year most
likely occurred in the autumn and summer, respectively. Summer and winter were the
most representative seasons. Summer required the use of backup water sources, such as
pumped storage power stations, to balance power supply and demand during high and
low output, respectively. In winter, hydropower stations were needed to cooperate with
pumped storage power stations, reducing power generation when wind power output was
high and increasing hydropower generation when wind power output was low, to improve
wind power absorption capacity.

The seasonal clustering analysis of wind power outputs using the SOM helps to
analyze seasonal wind power output patterns, which is of great significance for the stable
operation of the power grid. However, this study requires further examination in the
selection of indicators and lacks a comprehensive description of how the outcomes of
cluster analysis are applied to wind power systems. Future research will focus on the
short-term prediction of wind power outputs based on clustering analysis, providing a
foundation for the refined management of wind power output classification, and enhancing
the grid’s ability to absorb new energy.
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