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Abstract

The increasing penetration of renewable energy and the frequent occurrence of extreme
weather events have significantly heightened the uncertainty in power system operations.
Simultaneously, the scarcity of renewable energy output samples under extreme meteor-
ological conditions constrains the accurate assessment of extreme risks in system planning
and dispatch. To bridge this gap, this work aims to propose a method for generating ex-
treme wind power output scenarios that possess both diversity and statistical accuracy
under limited sample conditions. To address this, this paper proposes a method for gen-
erating scenarios of extreme wind power output guided and constrained by statistical fea-
tures. First, multidimensional statistical features are extracted from historical wind power
output scenarios and combined, and a quantile threshold method is applied to screen out
extreme wind power output scenarios. Subsequently, based on differentiated application
requirements of the power system, extreme scenarios undergo preliminary classification
followed by category-specific clustering analysis, achieving refined classification of the
scenario set. Building on this, an improved generative adversarial network model is con-
structed, and the Wasserstein distance and gradient penalty mechanism are introduced to
enhance training stability. Additionally, a statistical feature self-attention mechanism and
feature loss function are designed to effectively constrain the consistency between gener-
ated scenarios and real scenarios in key statistical features. Results demonstrate that the
proposed method can generate a set of extreme wind power output scenarios with both
diversity and statistical accuracy under limited sample conditions, providing effective
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context, the grid integration ratio of renewable energy sources like wind power within the
new power system is rapidly increasing. The inherent variability and intermittency of re-
newable energy sources like wind power, compounded by the frequent occurrence of ex-
treme weather events in recent years, have significantly increased the uncertainty of their
output; this poses severe challenges to the safe and stable operation of power systems and
their economically efficient dispatch [3]. Power system planning and operations heavily
rely on data-driven methods (such as probabilistic forecasting and stochastic optimiza-
tion) to address these uncertainties, and the effectiveness of these methods largely de-
pends on the quality of historical data [4]. However, historical output samples under ex-
treme weather conditions are often scarce, and this scarcity makes it difficult for the sys-
tem to accurately assess the tail risks triggered by extreme events during power forecast-
ing, medium and long-term planning, and real-time dispatch decisions, thereby severely
limiting the reliability and robustness of operational strategies [5]. Therefore, to address
the challenge of scarce historical samples under extreme weather conditions, there is an
urgent need to develop a scenario generation method that can integrate the characteristics
of extreme wind power output, thereby providing effective data support for the system
to cope with extreme events.

Currently, scenario generation methods are primarily categorized into two types: sta-
tistical probability modeling methods and deep learning methods based on big data [6].
Probability modeling methods fit historical data distributions (such as normal or Weibull
distributions) or employ kernel density estimation and copula functions to construct joint
distributions, which are then used to generate random scenarios through Monte Carlo
simulation or Latin hypercube sampling [7-9]. However, this method relies on the as-
sumptions of sufficient data and a stationary distribution. Extreme wind power output
events exhibit sparse samples and dynamic instability, making it challenging for tradi-
tional methods to accurately model their probability distributions. Therefore, there is an
urgent need to explore deep generative methods capable of directly learning complex dis-
tribution characteristics from limited extreme samples.

With the development of artificial intelligence technology, generative models repre-
sented by generative adversarial networks (GANs) [10-12] and variational auto-encoders
(VAEs) [13] have been widely applied in renewable energy output scenario generation
due to their exceptional capabilities in feature extraction and complex distribution fitting.
Existing research has effectively enhanced training stability and generative controllability
under conventional data by introducing mechanisms such as conditional generation
[10,11], Wasserstein distance and gradient penalties [12,13]. However, improved training
stability has not resolved the core challenge of generating accurate results in extreme sce-
narios. This stems primarily from network architectures that lack targeted design for the
statistical features of extreme scenarios, resulting in insufficient capture of critical extreme
features and ultimately limiting the accuracy of generated outcomes.

Despite these limitations, some scholars have begun exploring methods for generat-
ing extreme scenarios for renewable energy, achieving preliminary progress. Reference
[14] defines different extreme metrics based on wind power features and employs condi-
tional generative adversarial networks to achieve controllable generation of extreme sce-
narios. Reference [15] constructs an annual time series model capable of integrating mul-
tiple short-timescale extreme meteorological events, generating continuous meteorologi-
cal scenarios and mapping them to renewable energy output. Reference [16] considers the
influence of midterm weather processes, employing a conditional diffusion model for the
controllable generation of extreme wind power scenarios. These studies provide valuable
insights for generating extreme scenarios for renewable energy. However, most existing
methods are developed under relatively ideal conditions with comprehensive data, and
their scenario definitions often rely on detailed meteorological data. In practical
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applications, severe historical data shortages or difficulties in obtaining high-precision
meteorological data are common challenges, limiting the applicability of existing ap-
proaches.

Moreover, as extreme weather events become more frequent, their impact on power
systems grows increasingly multifaceted, while different application scenarios prioritize
distinct aspects of extreme output characteristics. For instance, peak shaving capability
assessments prioritize sustained low output scenarios [17,18], ramping risk warnings re-
quire capturing short-term high ramping rates and fluctuation features, while reserve ca-
pacity allocation focuses on medium and long-term high ramping rates and peak—valley
difference scenarios [19,20]. Existing research predominantly focuses on single features,
lacking a scenario generation framework capable of systematically distinguishing and
generating sets tailored to differentiated needs such as peak shaving capability assess-
ment, ramping risk warning, and reserve capacity allocation. Therefore, it is necessary to
refine the classification of extreme scenario sets based on the practical characteristics of
power system applications, generating highly targeted extreme scenario collections to
support the practical demands of power system operation and planning.

Based on the above research, this paper proposes a framework for generating ex-
treme scenarios using historical wind power output features, addressing the constraint of
limited extreme wind power output data. Key advantages and innovations include:

(1) Utilizing historical wind power output features, including daily average, peak—val-
ley difference, maximum ramp rate, and fluctuation frequency. The framework em-
ploys a quantile threshold method to screen extreme wind power output scenarios.
This achieves scenario identification independent of meteorological data while effi-
ciently leveraging scarce extreme samples.

(2) By integrating differentiated application requirements of power systems, extreme
scenarios undergo preliminary classification followed by refined categorization
within each class. This generates customized scenario sets for diverse application re-
quirements.

(3) Extreme scenarios are generated using traditional generative adversarial networks,
incorporating Wasserstein distance constraints and gradient penalty mechanisms to
enhance training stability. Statistical feature self-attention guidance and statistical
feature loss function constraints are employed to improve consistency between gen-
erated and real scenarios in key statistical features.

2. Model Structure and Framework
2.1. Analysis of Wind Power Output Features Under Extreme Weather Conditions

Extreme meteorological conditions affecting the safe and stable operation of power
grids encompass not only rare, high-intensity events defined in meteorology (such as tor-
rential downpours, super typhoons, and extreme cold waves), but also weather phenom-
ena capable of inducing sharp fluctuations in renewable energy output. Under such con-
ditions, the output from renewable sources like wind and solar power may exhibit com-
plex variations characterized by “sudden surges like waves, abrupt drops like cliffs, and
fluctuations like tides,” posing severe challenges to the stable operation of power systems
[21,22]. To address this challenge, it is necessary to conduct an analysis of wind power
output features under extreme weather conditions.

Meteorological factors affecting wind power output are diverse, primarily including
wind speed, wind direction, air temperature, precipitation, and ice accumulation. Among
these, wind speed exerts the most significant influence, directly determining the cut-in,
rated and cut-out operating states of the wind turbine. Meanwhile, meteorological condi-
tions such as air temperature and ice accumulation can substantially alter the
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aerodynamic characteristics and mechanical performance of wind turbines, thereby con-
straining their actual power generation capacity. Representative weather conditions that
typically limit wind power output are shown in Figure 1, including high winds, low tem-
peratures, and snowfall.
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Figure 1. Analysis of typical extreme weather events.

The aforementioned extreme weather conditions, represented by high winds, low
temperatures, and snowfall, though differing in meteorological causes, all induce complex
features in wind power output, such as high volatility and steep ramping. To quantita-
tively analyze these features, this paper utilizes historical wind power output data and
combines statistical and time series analysis theories to select the following four key indi-
cators for characterization. These indicators are then used for subsequent extreme sce-
nario screening;:

(1) Daily average

1 N
Pavg =ﬁ2t=lpt (1)

Characterizes the level of daily power generation capacity. Here, b represents the
power value at the fth sampling point, and N denotes the total number of daily sam-
ples.

(2) Peak-valley difference
AP = Pmax - Pmin (2)

Reflects the fluctuation range of daily output. Prax and Din represent the daily
peak and trough power values, respectively.

(3) Maximum ramp rate

Leindil
AT

J ®)

Describes the rate of change in power [23]. Takes the maximum absolute value of the

R, = max[

power change over the AT sampling interval.

(4) Fluctuation frequency
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N-1
Ny =2, I[sn(P. =) #sgn(P., =) )
Used to quantify the number of fluctuations in the wind power output curve during
the observation period. Here, 10 is an indicator function (assigning 1 when the condi-

tion holds, 0 otherwise), and °&" () is a sign function that extracts the direction of output
changes.

To construct a dataset of extreme wind power output scenarios, this study employs
a quantile threshold method for scenario selection based on the aforementioned four key
statistical indicators. This approach sets multi-level quantile thresholds for each indicator
and combines these thresholds to identify extreme wind power output scenarios from his-
torical data that simultaneously exhibit multiple extreme features.

2.2. Application Analysis of Extreme Wind Power Output Scenarios in Power Systems

Based on the set of extreme wind power output scenarios, to meet the differentiated
requirements of various power system application scenarios, it is necessary to perform a
refined classification of these scenarios. This paper extracts the multidimensional statisti-
cal features of the scenarios, establishes a feature—application mapping relationship based
on the practical application characteristics of power systems, and employs a quantile
threshold method to classify extreme scenarios into the following three typical application
scenarios:

(1) Continuous low output scenarios

The continuous low output of renewable energy is the key reason for the imbalance
in the new power system. Generating such scenarios will provide data support for plan-
ning model safety constraint verification and reserve capacity analysis.

This study selects the lowest 30% of daily average values as the continuous low out-
put scenario set.

(2) Short-term high ramp rate and high fluctuation frequency scenarios

These scenarios depict sudden surges or drops in wind power output over short
timeframes (15 min intervals), which can trigger grid frequency instability, voltage excur-
sions, and even cascade failures such as load shedding or unit uncoupling. Generating
such scenarios aids in optimizing safety defense systems and validating control strategy
effectiveness.

This study selected the top 30% of scenarios with the maximum ramp rates (15 min
intervals) and fluctuation frequencies as the short-term high ramp rate and high fluctua-
tion frequency scenario set.

(3) Medium and long-term high ramp rate and peak-valley difference scenarios

Unlike short-term scales, this scenario extends ramp events to 30 min intervals or
longer, focusing on describing significant output fluctuations and pronounced peak-val-
ley differences over medium and long-term timeframes. The generated results for these
scenarios provide data support for resource optimization and medium and long-term re-
serve capacity planning.

This study selected the top 30% of scenarios ranked by maximum ramp rate (30 min
time interval) and peak-valley difference as the medium and long-term high ramp rate
and peak-valley difference scenario set.

Significant diversity still exists within these application-defined categories. Direct
modeling of these scenarios would struggle to capture their consistent probability distri-
bution patterns. To enhance the accuracy and plausibility of generated scenarios, each cat-
egory requires clustering analysis prior to generation to identify subcategories with simi-
lar variation patterns. Subsequent extreme scenario generation proceeds based on these
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[ Definition and Screening]

[ Application-Based Classification ]

subcategory classifications. Specifically, this study employs the K-means clustering algo-
rithm based on Euclidean distance, with the number of clusters K determined using the
silhouette coefficient method.

2.3. Framework for Generating Extreme Wind Power Output Scenarios

Due to the scarcity of sample data under extreme weather conditions, generating rep-
resentative extreme output scenarios has become a critical step in enhancing the new
power systemes ability to respond to extreme events. To this end, this paper proposes a
method for generating extreme wind power output scenarios guided and constrained by
statistical features, based on the typical statistical features of extreme wind power output
scenarios. The overall framework is shown in Figure 2.

Step 1: Extreme scenario definition and screening. Four key statistical features are
selected: daily average, peak—valley difference, maximum ramp rate, and fluctuation fre-
quency. Based on their distinct physical meanings, daily average and peak-valley differ-
ence are categorized as global static features to assess overall output levels, while maxi-
mum ramp rate and fluctuation frequency are classified as local dynamic features to cap-
ture abrupt temporal variations. A comprehensive evaluation system integrating these
four-dimensional features is then constructed to identify and select extreme scenario sam-
ples from historical data.

Step 2: Application-based classification. By analyzing differentiated demands for ex-
treme output features across various power system application scenarios, multiple cate-
gories of extreme scenario sets were established.

Step 3: Cluster analysis. The K-means algorithm was employed to cluster scenarios,
aiming to identify subcategories with similar variation patterns and provide a data foun-
dation for subsequent scenario generation.

Step 4: Scenario generation. Scenarios are generated within each application subset.
To enhance generation quality, the WGAN-GP model (based on Wasserstein distance and
gradient penalty) is employed to improve training stability of the generative adversarial
network. Statistical feature guidance mechanisms and statistical feature loss function con-
straints are introduced into the generator.

Step 5: Scenario evaluation. A comprehensive assessment is conducted based on both
accuracy and diversity of generated scenarios.

[ Cluster Analysis] [ Scenario Generation] [ Scenario Evaluation]
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by statistical features.
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2.4. Generative Adversarial Network

GAN consists of two components: a generator (G) and a discriminator (D). Its core
idea lies in approximating the Nash equilibrium through adversarial training between the
generator and discriminator. The objective function is shown in Equation (5) [14]:

min.max,V(D,G)=E__ P () [logD(x)] +E 5 [log(l - D(G(z)))} (5)

In the equation, D(x) represents the probability that the discriminator classifies the real
D(G(2))

sifies the generated sample G(z) as real data; and #? is the random noise vector input

sample ¥ as real data; represents the probability that the discriminator clas-

to the generator. By optimizing this adversarial loss function, the generator G can gradu-
ally generate samples that approximate the distribution of real data, while the discrimi-
nator D continuously improves its ability to distinguish between real and generated sam-
ples.

However, extreme wind power output scenarios generally have the characteristics of
“insufficient samples, extreme fluctuations, and skewed distributions.” When using tra-
ditional GAN networks for modeling, key challenges emerge, including gradient instabil-
ity and mode collapse due to sample scarcity and extreme fluctuations, as well as evalua-
tion metric failure caused by JS divergence saturation under highly skewed distributions.

2.5. Improvement of WGAN-GP Based on Wasserstein Distance and Gradient Penalty

To address these challenges, we construct a WGAN-GP model. The Wasserstein dis-
tance replaces JS divergence to provide stable gradients for learning complex distribu-
tions. The gradient penalty is then used to enforce the Lipschitz constraint more flexibly
than weight clipping, ensuring training stability while maximizing the modele expressive
capacity.

The loss function of the WGAN-GP model consists of two parts: the generator loss
and the evaluator loss, as shown in Equations (6) and (7) respectively [14]. The optimiza-
tion objective of the generator is to maximize the evaluatore score for the generated sam-
ples; the evaluator needs to maximize the score for the real samples and minimize the
score for the generated samples, and introduces a gradient penalty term in the loss func-
tion to enhance the stability of the evaluatore gradient and satisfy the Lipschitz constraint.

L;= _Eswpx [D(i)] (6)

Ly =E., [D(R)]-E., [D(0)]+ 2B, [(W.0 @), -1) | 7)

In the equation, P and E respectively represent the probability distributions of the

real samples and the generated samples; D(%) and P (*) are the score outputs of the
evaluator for the real samples and the generated samples; and X s the sampling point
obtained by randomly interpolating between the real samples and the generated samples.

2.6. Statistical Feature Guidance and Constraint Mechanism

The WGAN-GP model designed for extreme wind power output scenarios enhances
training stability through the gradient penalty mechanism and performs exceptionally
well in generating diverse scenarios. However, extreme wind power output scenarios ex-
hibit significant non-Gaussian characteristics and strong volatility. Only relying on adver-
sarial training with Wasserstein distance constraints is insufficient to ensure the con-
sistency of generated scenarios with the real extreme scenarios in key statistical features.
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To address these issues, this paper adopts a statistical feature guidance and constraint
mechanism.

2.6.1. Generation of Statistical Feature Vectors

To embed key statistical features into the generation process and guide the genera-
tion of scenarios, it is first necessary to construct a feature sampler that can represent the
statistical features of historical extreme scenarios. Due to the scarcity of historical data for
extreme scenarios, using complex parametric distribution models (such as Gaussian mix-
ture models) is prone to overfitting and unstable training. To address this, this paper
adopts a sampling strategy based on weighted averaging, directly learning and generat-
ing new feature vectors from historical features, with the core being to maintain the dis-
tribution characteristics of the feature space.

For the given set of real extreme wind power output scenarios, the four statistical

y. . V={v,,0,,..,0,}
features are calculated to form a multidimensional feature vector set {012, NI

4
where i © R and N represent the number of scenarios.
The new feature vector is generated through the weighted average of historical fea-

ture vectors, and its mathematical expression is as follows:

0=Av; +(1-1)v; (8)

A

, ;
In the equation, Y represents the newly generated feature vector; % and

are two
different basic feature vectors randomly selected from the historical feature set; # is the

combination weight coefficient, which follows A-U(01) .

To ensure the consistency of all features on the numerical scale, all features are nor-
malized to the range of [-1, 1]. This weighted averaging operation ensures that the newly
generated feature vector lies within the space spanned by the historical feature vectors,
thereby effectively avoiding the generation of physically unreasonable or overly outlier
feature points.

2.6.2. Statistical Feature Self-attention Guidance

After obtaining the feature vectors that can represent the statistical features of ex-
treme scenarios, in order to flexibly integrate them into the internal process of the gener-
ation model, this paper designs a statistical feature-guided self-attention mechanism mod-
ule. This module injects the statistical features as bias terms into the attention calculation,
guiding the model to pay more attention to the temporal dependencies that are consistent
with the historical statistical features of extreme scenarios during the generation process.
The specific steps are as follows:

(1) Statistical feature embedding
Firstly, a batch of statistical feature vectors F€ R™ s sampled, where B repre-

sents the batch size. These vectors are mapped to a high-dimensional space through a
feature encoding network to obtain a bias vector D, as shown in Equation (9):

D =W, xLeakyReLU (W; xF +b; ) +b, )

W, e R4 and W2 € R 4n>B

In the equation, are learnable parameters, while d repre-

sents the hidden dimension.
(2) Bias term generation

Bxd, d RBXdk
d e R77H and key bias 7S ,

The bias vector D is split into query bias
where i represents the dimension of the attention key query. This split design enables
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the model to independently adjust the query vector and key vector of the attention mech-
anism.

(3) Attention calculation

RB><C><L

Given input feature X € , the basic query Q , key Ko and value V' are ob-

tained through convolution projection.

Q

After injecting statistical feature bias, the final query matrix ~ and key matrix K

are formed, as shown in Equations (10) and (11):

Q=Q,+d, (10)

K=K, +d, (11)

Finally, the attention weight calculation is carried out, as shown in Equation (12):

T
Attention (Q, K, V') = softmax [ QK ] 1% (12)

A

(4) Residual connection

The final output is connected to the input residuals through the learnable parameter
v , as shown in Equation (13); while retaining the original feature information, the atten-
tion mechanism is allowed to dynamically adjust the temporal dependency according to
the statistical features.

Xout =y xAttention (Q, K,V )+ X (13)

2.6.3. Statistical Feature Loss Function Constraint

In the training of the generator, while considering the adversarial loss, an additional
statistical feature loss function is introduced to constrain the consistency of the generated
scenarios and the real scenarios in key statistical features.

The total loss function of the generator is shown in Equation (14) [14]:

Lo =~Bep [ D(%) ]+ ax Ly (14)

In the equation, —E)H)g [D(ic)] represents the adversarial loss; Letars represents the sta-

tistical feature loss; ¢ represents the weight of the statistical feature loss.
In this paper, the daily average, peak-valley difference, maximum ramp rate and
fluctuation frequency of the extreme wind power output scenarios are taken as the key

statistical features, and a statistical feature loss function Lotars is constructed based on
them, as shown in Equation (15):

F . .
S Sl

1

B
Lstuts
=1

In the equation, F represents the set of statistical features; ~/ represents the corre-

sponding weights of the features; 4() is the function for calculating the Jth statistical

x¥ (0
feature; *¢ and Xr  are the corresponding real and generated samples in the batch.
2.6.4. WGAN-GP Model Guided and Constrained by Statistical Features

The statistical feature guidance and constraint mechanism proposed in this study op-
erates through two synergistic components integrated into the WGAN-GP framework;
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the overall framework is shown in Figure 3. First, the feature-guided attention module
constrains the generation process by directing the generatores focus toward key statistical
features during training. Second, the weighted feature loss function performs generation
correction, explicitly shaping the output distribution to match targeted statistical features.
Together, these mechanisms ensure that the generated scenarios not only approximate the
overall data distribution but also accurately capture the specific extreme features for dif-

zo B |

ferent applications.

Noise input z Real scenarios
Statistical feature loss i < Statistical feature
function constraint LI €«—— calculation

| Generator

WW

Real sTenarios Generated scenarios
Parameter
v update
e Feature-guided
r > .o attention
|
Parameter) Evalutor i

Wasserstein

update | . | Dynamic
distance . .
| | adjustment attention

L — — | Ture/False | — — —

Figure 3. WGAN-GP model architecture guided and constrained by statistical feature.

3. Example Analysis
3.1. Dataset and Experimental Setup

The experiment utilized the wind power output data of a certain wind farm in 2019,
with an installed capacity of 200 MW. The proportion of the training set and test set in the
subsequent experiment is 60% and 40% respectively. The data time resolution was 15 min.
After outlier elimination and missing value interpolation preprocessing, the experiment
was conducted based on the Pytorch deep learning framework of Python 3.9 version.
Under this experimental setup, the training time for the proposed method was
approximately 50 min. In contrast, the conventional VAE and GAN models completed
training much faster, and the WGAN-GP required about 20 min.

This paper implements the generation of extreme wind power output scenarios
based on the WGAN-GP framework guided and constrained by statistical features. The
specific training settings are as follows: the total number of iterations is 5000; the batch
size is dynamically set according to the number of samples in each application cluster; to
stabilize the training, the generator is updated once every two updates of the evaluator.
The network structure is shown in Table 1, where K, S, P, B represent the size of the
convolution kernel, stride, padding and batch size, and Conv represents the convolution
layer.
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Table 1. Network structure of WGAN-GP.
. ) Parameter/Dimen- Activation Func-
Network Composition Construction . . Hyperparameter
sion tion
Input layer Linear (100, 256) LeakyReLU
i
Upsampling 1\ e rpolate (256, 96) -
layer
Convld (1, 64), K5, 51, P2 LeakyReLU 1. Learning rate: 0.0001
F ided At-
Generator eatureGuided At (64, 64) -
Sequence gen- tention 2. Optimization: Adam
eration layer Convld (64, 128), K5,S1, P2 LeakyReLU
F ided At- . i icient:
eatureGL.uded t (128, 128) ) 3. Gradient penalty coefficient
tention 10
Output layer Convld (128, 1), K5, S1, P2 Tanh
Input layer Unsequeeze (B, 1, 96) - 4. First/second-order momentum
Feature extrac- Convld (1,64), K5,51,P2  LeakyReLU parameters: 0.5/0.9
Evaluator tion layer Convld (64,128),K5,51, P2 LeakyReLU
Linear (128 x 96, 1024) LeakyReLU
Output layer )
Linear (1024, 1) -

3.2. Evaluation Indicator

To analyze the accuracy and diversity of the generated scenarios, this paper uses the
mean absolute error (MAE) to measure the reconstruction error between the real scenarios
and the generated scenarios. The Pearson correlation coefficient between the
autocorrelation function (ACF) sequences of the real scenarios and the generated
scenarios is calculated as the indicator for evaluating the similarity of temporal
dependency structure, and is denoted as ACF-S. The similarity of the overall distribution
between the real scenarios and the generated scenarios is compared through the
cumulative distribution function (CDF). In addition, starting from four statistical features,
the mean absolute percentage error (MAPE) (applicable to peak-valley difference and
maximum ramp rate) and the mean absolute error (applicable to daily average) are
calculated to comprehensively evaluate the statistical features retention ability of the
generated scenarios, as shown in the following equations:

1d8/1 ¥
MAE = ﬁ;(ﬁ; Xreal(i) _Xgen(d)|j (16)
1 N 1 M Xrelzl(i) _then(d)|

MAPE=—%"| =YL= &7 11x100% 17
N YZ;[M dz:; |Xreul(i)| ( )

1818
ACF-S= Z(Z p(ACF(X,.), ACF(XXW)))] (18)

NTZ\M =

N

In the equation, represents the total number of real scenarios, M represents the total

number of generated scenarios that match each real scenario, “ is the sequence of real

gen

scenarios, is the sequence of generated scenarios, and P is the calculation of the

Pearson correlation coefficient.

3.3. Definition and Selection of Extreme Wind Power Output Scenarios

To screen extreme wind power output scenarios, this study selected four statistical
indicators: daily average, peak—valley difference, maximum ramp rate, and fluctuation
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frequency. These indicators were used to characterize the extreme features from both the
overall distribution and local dynamic perspectives. For the statistical indicator, the
quantile method was employed to set specific thresholds (0.1, 0.2, 0.3, 0.8, and 0.9), which
were chosen to effectively capture extreme distribution tails while retaining a sufficient
number of scenarios for subsequent analysis, and the scenarios were selected by
combining the cutoff conditions of different thresholds.

(1) Opverall distribution

Joint screening of daily average and peak-valley differences. The daily average
reflects the overall power output level and is used to identify sustained high or low power
output events (such as extreme high winds or calm days); the peak—valley difference
quantifies the range of extreme daily fluctuations and screens out scenarios with
significant power fluctuations.

Figure 4 shows the joint screening results based on daily average and peak-valley
differences. Multiple quantile threshold lines are plotted in the figure to divide the entire
plane into multiple regions, such as 0.1, 0.2, 0.8, and 0.9, and screen out extreme scenarios
with specific power features.
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g
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|
|

©08)  1(09)

T T T T T

0 50 100 150 200
daily average(MW)

Figure 4. Overall statistical features screening results.

(2) Local dynamic

Maximum ramp rate and fluctuation frequency are jointly screened. The maximum
ramp rate reflects the instantaneous sharp change in power; the fluctuation frequency
quantifies the switching frequency of power direction within a day, reflecting the
repetitive fluctuation characteristics of power.

Figure 5 shows the joint screening results based on fluctuation frequency and
maximum ramp rate. Similarly, multiple quantile threshold lines are plotted in the figure
to divide the entire plane into multiple regions, such as 0.8 and 0.9, and screen out extreme
scenarios with specific power features.
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Figure 5. Localized statistical features screening results.
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3.4. Classification of Extreme Scenarios in Application Requirements

Based on the comprehensive extreme wind power output scenario set, the quantile
threshold method is used to establish three types of typical application scenarios. Further,
each type of typical application scenario is clustered to achieve a refined classification of
extreme scenarios. The clustering results are shown in Table 2.

Table 2. Typical application clustering results.

Application = Optimal Number of Clusters Number of Scenarios Within a Cluster

Application 1 4 7,32,5,4
Application 2 2 8,7
Application 3 4 7,6,6,4

(1) Application 1—continuous low output scenario

The continuous low output scenario set is shown in Figure 6. Each clustered typical
scenario in the figure represents the cluster center.

Cluster 1 typical scenariol
Cluster 2 typical scenariol
Cluster 3 typical scenariol

l—— Cluster 4 typical scenario|
Other extreme scenarios

40 /\«\
20 LK LRERES A Vo
1 NN FNN e i,
T T T T T T T T T T T
0:00 2:00 4:00 6:00 8:00 10:00 12:00 14:00 16:00 18:00 20:00 22:00 24:00

Time/h

0 -

Figure 6. Continuous low output extreme scenario set.

(2) Application 2—Short-term high ramp rate and high fluctuation frequency scenario

The short-term high ramp rate and high fluctuation frequency scenario set are shown
in Figure 7.

Cluster 1 typical scenario Cluster 2 typical scenario Other extreme scenarios

T T T T T T T T T T T
0:00 2:00 4:00 6:00 8:00 10:00 12:00 14:00 16:00 18:00 20:00 22:00 24:00

Time/h

Figure 7. Extreme scenario set with short-term high ramp rate and high fluctuation frequency.

(3) Application 3—Medium and long-term high ramp rate and peak—-valley difference
scenario

The medium and long-term high ramp rate and high peak—valley difference scenario
sets are shown in Figure 8.
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Figure 8. Extreme scenario set with medium and long-term high ramp rate and high peak-valley

difference.

3.5. Generation and Evaluation of Extreme Scenarios

This paper analyzes three typical application scenarios. The comparison models
include traditional VAE, GAN, WGAN-GP, and the method proposed in this paper. The
evaluation content is carried out from two dimensions: accuracy and diversity. In terms
of accuracy, it is quantitatively evaluated through mean absolute error (MAE),
autocorrelation function similarity (ACF-S), cumulative distribution function (CDF), and
mean absolute percentage error (MAPE) of key statistical features; in terms of diversity, it
is comprehensively evaluated by comparing the generated images with the real images,
to assess the generation quality of different models in various application scenarios.

3.5.1. Comparison of Continuous Low-Output Scenario Generation

The study analyzes the accuracy of the generated scenarios produced by each
generative model under different clusters. Table 3 presents the evaluation indicator results
of the generated scenarios produced by different generative models under each cluster.
Figure 9 further shows the CDF curves of wind power output for the generated scenarios
and the real scenarios by each method. To analyze the diversity of the generated scenarios,
Figure 10 compares the overall generated scenarios against the real ones, alongside a
presentation of their local details.

Table 3. Evaluation indicators for generated scenarios under different methods of application 1.

Daily Average
Cluster Method MAE/MW ACEF-S MAE/MW

VAE 4.50 0.83 142
Cluster 1 GAN 4.11 0.84 1.34
WGAN-GP 4.16 0.90 1.10
The proposed method 2.72 0.96 0.74
VAE 4.02 0.82 1.92
Cluster 2 GAN 3.83 0.85 1.82
WGAN-GP 3.65 0.84 1.61
The proposed method 3.39 0.86 1.42
VAE 4.46 0.92 2.45
Cluster 3 GAN 4.31 0.95 2.05
WGAN-GP 2.89 0.96 1.00
The proposed method 2.71 0.98 0.73
Cluster 4 VAE 7.51 0.92 3.11
GAN 6.80 0.95 2.88
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WGAN-GP 5.49 0.94 1.23
The proposed method 4.34 0.96 1.19

As shown in Table 3, within each cluster, the proposed method outperforms VAE,
GAN and WGAN-GP models in accuracy for extreme generated scenarios. The baseline
VAE model highlights its limitation in capturing complex, extreme patterns compared to
adversarial learning frameworks. Among the GAN variants, the introduction of
Wasserstein distance and gradient penalty (WGAN-GP) over the original GAN leads to
more stable training improvements. Most importantly, our proposed method —built on
the WGAN-GP framework and further enhanced with statistical feature guidance and
constraints —demonstrates an improvement in accuracy. Specifically, the minimum MAE
value is 2.71, and the maximum difference compared to other models is 2.46 (cluster 4);
the maximum ACEF-S value is 0.98, and the maximum difference compared to other
models is 0.12 (cluster 1); the minimum daily average MAE value is 0.73, and the
maximum difference compared to other models is 1.69 (cluster 4). The improvement
achieved by the proposed method varies across clusters, which can be attributed to their
complicated data structures and distributional characteristics. For example, Cluster 2
contained a larger number of real scenarios with more intricate internal patterns, resulting
in lower evaluation indicator quality compared to other clusters. Meanwhile, the MAE
indicator shows more substantial improvement compared to ACF-S. This is because the
feature loss function directly constrains these statistical features. As shown in Figure 9,
comparing the CDF curves of scenarios generated by different methods with real
scenarios reveals that the scenarios generated by the proposed method (solid red line)
exhibit a higher degree of fit with real scenarios (dashed black line). Furthermore, the
Wasserstein distances between the generated scenarios and real scenarios, indicated in
parentheses in the legend, provide quantitative support for this conclusion.

/(Woms)
——WGAN-GP (0.012)
/ ——The proposed method (0.010)
4 - = Real scenario

GAN (0.018)
—— WGAN-GP (0.012)
—— The proposed method (0.003)
- - Real scenario

R 0.51 P f
0.0 : .
0.0 055 L %0 05 7o
Normalized power Normalized power
(a) Cluster 1 CDF comparison (b) Cluster 2 CDF comparison
1.04 1.0 —
GAN (0.017) = -
—— WGAN-GP (0.008) 7~ -
—— The proposed method (0.005) 7 GAN (0.066)
= = Real scenario 744 ——WGAN-GP (0.035)
4 —— The proposed method (0.022)
= = Real scenario
A 0.5 A 0.51 ’ §§§
0.0 : - 0.0 : .
0.0 0.5 1.0 0.0 0.5 1.0
Normalized power Normalized power
(¢) Cluster 3 CDF comparison (d) Cluster 4 CDF comparison

Figure 9. CDF comparisons of application 1.
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Figure 10. Results generated by continuous low-output extreme scenario.

The data results in Table 3 and Figure 9 demonstrate that the proposed method has
a significant advantage in the accuracy of generating the statistical features of the
scenarios. In terms of the diversity of generated scenarios, Figure 10 shows the generated
samples under different clusters. As shown in Figure 10a, which represents the generated
scenarios under Cluster 1, the results indicate that our method can effectively capture and
reproduce reasonable detail fluctuations and individual differences in extreme scenarios
while maintaining the accuracy of key statistical features.

3.5.2. Comparison of Short-Term High Ramp Rate and High Fluctuation Frequency
Scenario Generation

The study analyzes the accuracy of the generated scenarios produced by each gener-
ative model under different clusters. Table 4 presents the evaluation indicator results of
the generated scenarios produced by different generative models under each cluster. Fig-
ure 11 further compares the CDF curves of the generated scenarios and the real scenarios
by each method. To analyze the diversity of the generated scenarios, Figure 12 plots the

typical scenarios and the overall generated results under each cluster.

Table 4. Evaluation indicators for generated scenarios under different methods of application 2.

Ramp Fluctuation
Cluster Method ACE-S Rate MAPE  Frequency MAPE
VAE 0.90 26.85% 19.55%
Cluster 1 GAN 0.89 25.79% 18.77%
WGAN-GP 0.94 20.67% 14.19%
The proposed method 0.95 19.23% 12.82%
VAE 0.81 26.67% 19.98%
Cluster 2 GAN 0.77 25.40% 19.15%
WGAN-GP 0.93 19.80% 12.10%
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200

The proposed method 0.94 18.04% 11.39%

As shown in Table 4, within each cluster, the WGAN-GP model significantly im-
proves the ACF-S values compared with the original VAE and GAN model, while the
MAPE values of the statistical features generally decrease, indicating that the introduction
of the Wasserstein distance and the gradient penalty mechanism effectively enhances the
stability of the training process compared to the original GAN, thereby improving the
overall quality of the generated scenarios. The proposed method further incorporates sta-
tistical feature guidance and constraint mechanisms on the basis of WGAN-GP, which
continues to increase the ACF-S values and significantly reduces the MAPE values of the
statistical features. The improvement in ramp rate MAPE and fluctuation frequency
MAPE is substantially greater than that in ACE-S. Figure 11 shows that the proposed
method (solid red line) achieves the closest fit to the real scenarios (dashed black line) and
the best distribution consistency, as evidenced by the CDF comparison and Wasserstein
distances. Combined with the results in Table 4, this demonstrates a clear advantage for
the proposed method in accurately replicating the statistical features of the scenarios.

Regarding diversity, Figure 12 presents generated scenario samples under different
clusters. For instance, Figure 12a demonstrates that the overall fluctuation trend of the real
scenarios is maintained (left), while the detailed view (right) shows that a single real sce-
nario corresponds to multiple varied yet plausible scenarios. These results indicate that
the proposed method not only preserves statistical accuracy but also effectively captures
the inherent uncertainty of extreme scenarios, thus producing a realistic and diverse set
of scenarios.
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Figure 11. CDF comparisons of application 2.

150

Power/MW
=
=)
N

50

0=

— i [—— Real scenario
Real scenario _\
\ o 1801 | Senerated scenario)
\-‘ ~+— Generated scenario3|
1 Generated scenariod
Ely A +— Generated scenario5
/ ~ A Generated scenario|
i 4 bl
\ 2 o N /ﬁ
~ i 1 ! AKX ¥
‘

*‘m .vi/f«’%@ow

0+ 4 < o &4 X -
0:00 200 400 600 800 1000 1200 14001600 1800200022002400 000 2:00 400 6:00 800 10:00 12:00 14:00 16:00 18:00 20:00 22:00 24:00

Time/h Time/h
(a) Cluster 1 generated scenarios

https://doi.org/10.3390/en19041020



Energies 2026, 19, 1020

18 of 22

Power/MW

200

150

(=3
(=]
1

50

/ — Real scenario
A e Generated scenario

—— Real scenario
—+— Generated scenariol
—— Generated scenario2
+— Generated scenario3|
Generated scenariod
<+~ Generated scenarioS|
Generated scenario6|

0 =" 0 - - T r
0:00 2:00 4:00 6:00 8:00 10:00 12:00 14:00 16:00 18:00 20:00 22:00 24:00 000 2:00 400 600 800 10:00 12:00 1400 16:00 18:00 20:00 22:00 24:00
Time/h Time/h

(b) Cluster 2 generated scenarios

Figure 12. Results generated by short-term high ramp rate and high fluctuation frequency extreme

scenario.

3.5.3. Comparison of Medium and Long-Term High Ramp Rate and Peak—Valley
Difference Scenario Generation

As shown in Table 5, the proposed method achieves optimal performance across all
clusters in application 3. The specific comparisons are as follows: First, the original GAN
suffers from mode collapse, resulting in lower ACF-S values and indicating poor genera-
tion quality. Its acceptable performance on certain individual indicators (such as peak—
valley difference MAPE in clusters 1 and 3) further reveals a lack of diversity, as it merely
repeats limited patterns, thereby limiting the reference value of its statistical results. Sec-
ond, compared with the WGAN-GP model, the proposed method further improves the
ACE-S values and significantly reduces the MAPE for ramp rate and peak-valley differ-
ence, demonstrating that the generated scenarios not only preserve the temporal structure
but also enhance the reconstruction accuracy of key statistical features, validating the ef-
fectiveness of the statistical feature guidance and constraint mechanism.

Table 5. Evaluation indicators for generated scenarios under different methods of application 3.

Ramp Peak-Valley

Cluster Method ACE-S pate MAPE  Difference MAPE
VAE 0.89 26.25% 9.26%
Cluster 1 GAN 0.86 23.26% 3.76%
WGAN-GP 0.94 21.24% 6.71%
The proposed method 0.96 13.80% 4.95%
VAE 0.88 32.56% 9.81%
Cluster 2 GAN 0.87 19.15% 5.47%
WGAN-GP 0.96 29.18% 3.25%
The proposed method 0.97 17.84% 2.99%
VAE 0.92 27.49% 4.28%
Cluster 3 GAN 091 23.92% 2.00%
WGAN-GP 0.96 25.22% 1.60%
The proposed method 0.99 15.71% 1.58%
VAE 0.81 26.12% 11.85%
Cluster 4 GAN 0.83 23.04% 9.14%
WGAN-GP 0.96 15.27% 3.91%
The proposed method 0.97 14.60% 2.51%

From the comparison of CDF curves and Wasserstein distances in Figure 13, it can be
observed that the cumulative distribution of scenarios generated by the proposed method
is closest to that of the real scenarios, indicating higher accuracy in the statistical
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distribution. The results in Figure 14 show that the generated scenarios not only maintain
the real fluctuation trend overall but also exhibit diverse detail variations. In summary,
the proposed method demonstrates significant advantages in both statistical accuracy and
diversity of the generated scenarios in application 3.
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Figure 14. Results generated by medium and long-term high ramp rate and peak—valley difference
extreme scenario.

4. Conclusions

This paper proposes a method for generating extreme wind power output scenarios
guided by statistical features to address the scarcity of historical extreme data. The main
conclusions are as follows:

(1) The proposed screening framework, combining multidimensional statistical features
and quantile thresholds, effectively extracts extreme patterns from limited data to
provide quality samples for generation.

(2) The refined clustering method for extreme scenarios generates tailored subsets for
diverse applications. These generated scenarios exhibit strong relevance to specific
power system applications, thereby enhancing their decision support value.

(3) The improved GAN model, integrating Wasserstein distance, gradient penalty, sta-
tistical feature guidance and constraints, ensures stable training and generates sce-
narios that capture detailed fluctuations and individual differences under extreme
conditions, but also maintains realistic fluctuations while maintaining high con-
sistency with real data in statistical distribution.

Future research will focus on two directions: the first is exploring the generation of
joint extreme scenarios for wind and solar power output; the second is the application of
the generated extreme scenarios in stochastic unit commitment or economic dispatch
models, aimed at enhancing the security and robustness of system decisions. Meanwhile,
this work has several limitations that point to clear avenues for future investigation: the
quality of generated scenarios relies on the quality of historical data and the chosen clus-
tering structure. Furthermore, the current guidance relies primarily on statistical features;
incorporating more explicit physical constraints (e.g., turbine characteristics, spatiotem-
poral correlations) could enhance the physical plausibility of the scenarios.
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