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ABSTRACT This paper proposes a data augmentation method for generating non-convergent power flow
adjustment behavior datasets based on an improved generative adversarial network. Firstly, a mechanistic
analysis of power flow non-convergence and adjustment strategies is conducted, and metrics for evaluating
the non-convergent power flow adjustment behavior dataset are proposed. Secondly, the fundamental
principles and architectural features of the Conditional Generative Adversarial Network (CGAN) and Long
Short-Term Memory (LSTM) network are introduced. Then, a data-driven augmentation method for the
non-convergent power flow adjustment behavior dataset is presented. By incorporating an extreme value
theory mechanism, the training capability of the CGAN on the training data is enhanced. Furthermore,
LSTM is embedded into the GAN framework to strengthen the learning and capture capability of multi-
dimensional features during the non-convergent power flow adjustment process. Finally, case studies
are used to validate the effectiveness of the proposed method. The generated dataset of non-convergent
power flow adjustment behavior can effectively characterize the complete closed-loop process of a power
grid transitioning from an ill-conditioned state back to a solvable state, providing a crucial training and
verification foundation for power flow optimization practices.

INDEX TERMS Non-convergent Power Flow Adjustment; Conditional Generative Adversarial Network
(CGAN); Long Short-Term Memory (LSTM); Data Augmentation

I. INTRODUCTION
I n steady-state analysis of power system, power flow calcu-
lation serves as a fundamental tool, whose convergence is di-
rectly critical to the accuracy and reliability of system opera-
tional state assessment [1-3]. However, with the large-scale
integration of renewable energy, the increasingly complex
structure of cross-regional interconnected grids, and sys-
tem operating conditions approaching their limits, the non-
convergence of power flow calculations occurs frequently.
This has become a key bottleneck constraining power grid
security analysis and operational decision-making [4-5].
Reference[6-7] presented a data-driven method for generat-
ing renewable scenarios using Generative Adversarial Net-
wor(GAN). Reference[8] adopted Wasserstein Generative
Adversarial Networks (WGAN) to learn the spatiotemporal
correlations of renewable energy output, generating wind
and solar stochastic scenarios that exhibit statistical similar-
ity and pattern diversity. An improved model was proposed

by incorporating an additional gradient penalty (GP) on the
Wasserstein distance instead of using weight clipping in
reference[9]. Reference [10] introduced a temporal corre-
lation enhancement block into the GAN framework, which
strengthens the temporal awareness of convolutional layers
to generate wind power scenario sets for medium-to long-
term timescales.Bayesian GANs are constructed and trained
to produce a set of renewable power scenarios with the same
pattern as historical data in reference[11].Reference [12]
integrated Long Short-Term Memory (LSTM) structures,
GAN, and deep learning methods to generate wind power
scenarios, effectively capturing complex weather dynamics
and temporal correlations in wind power output. Reference
[13] utilized the active power data categorized by K-medoids
clustering method to train a GAN model. Reference[14]
presents an innovative approach that harnesses the power
of both Recurrent Neural Networks (RNN) and GAN to
revolutionize power generation forecasting in renewable
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energy systems. In recent years, GAN and their improved
variants have emerged as mainstream approaches for data
augmentation and sample generation. For the generation of
datasets of non-convergent power flow adjustment behavior,
Reference [15] proposed a deep learning method based
on a physical power flow model to address the challenge
of performing fast and accurate probabilistic power flow
calculations. Reference [16] introduced a data augmen-
tation method for non-convergent power flow adjustment
behavior using a stacked denoising auto-encoder, which
eliminates the need for time-consuming repeated power flow
computations. Reference [17] presented a support vector
machine-based approach to learn the dynamic mapping
relationship between injected power and the non-convergent
power flow adjustment process. Reference [18] implemented
the generation of a non-convergent power flow adjust-
ment behavior dataset considering injected power, branch
power, and voltage by employing partial least squares and
Bayesian linear regression methods. References [19] and
[20] respectively utilized Back Propagation (BP) neural
networks and Radial Basis Function (RBF) neural networks
to approximate power flow equations, replacing traditional
power flow data generation models and thereby accelerating
the reinforcement of non-convergent power flow adjust-
ment behavior data. Reference [21], targeting the difficulty
of traditional power flow data augmentation methods in
meeting the requirements for fast and accurate probabilistic
power flow calculation, proposed a method that extracts
power flow features based on extreme learning machines
to accelerate the generation of samples for non-convergent
power flow adjustment behavior data. However, existing
data generation methods for non-convergent power flow
adjustment behavior focus solely on improving the overall
model accuracy during training, while certain power flow
variables still exhibit anomalous errors. These abnormal
deviations are manifested as significant inaccuracies in spe-
cific variables, even when the data-driven model’s overall
precision meets training expectations. Excessive errors in
some variables can severely compromise the reliability of
generated samples of non-convergent adjustment behavior
in grid applications, potentially leading to misjudgments,
such as incorrect identification of power flow limit vio-
lations, threatening the secure and stable operation of the
power system. This paper proposes a dataset augmentation
method for non-convergent power flow adjustment behavior
based on an improved Conditional Generative Adversarial
Network (CGAN). First, a metric indicator system for the
non-convergent power flow adjustment behavior dataset is
construted based on the mechanistic analysis of power flow
non-convergence and adjustment strategies. Second, the core
principles and architectural characteristics of the CGAN and
LSTM network are examined. Then, a data-driven augmen-
tation scheme for the non-convergent power flow adjustment
behavior dataset is presented. This scheme employs an
Extreme Value Theory-embedded Conditional Generative
Adversarial Network (EVT-CGAN) to enhance the training

data, thereby accelerating the convergence efficiency of the
sample generation process, and LSTM is embedded into
the CGAN framework to strengthen the model’s ability to
learn and capture the dynamics of the non-convergent power
flow adjustment process. Finally, the effectiveness of the
proposed method is validated through case studies.

II. MECHANISTIC ANALYSIS OF POWER FLOW
NON-CONVERGENCE
A. MATHEMATICAL INTERPRETATION OF POWER
FLOW NON-CONVERGENCE
Power flow calculation is inherently a process of solving
nonlinear equations, whose convergence critically depends
on the uniqueness of the solution, the reasonableness of the
initial value selection, and the numerical stability of the al-
gorithm. As the mainstream algorithm, the Newton-Raphson
method linearizes the power flow equations through Taylor
expansion, with its iterative scheme expressed as:

∆x(k) = J−1
(
x(k)

)
· f
(
x(k)

)
where J is the Jacobian matrix, and f(x) is the power

mismatch vector. The convergence of the Newton-Raphson
method is highly sensitive to the selection of the initial
guess. When the initial value x(0) is far from the true
solution, the iterative process is prone to fall into local
oscillation or divergence, especially when the Jacobian ma-
trix becomes near-singular, as the computed correction step
becomes ill-conditioned, ultimately leading to algorithmic
failure.

Mathematically, the ill-conditioning of the Jacobian ma-
trix,namely, "ill-conditioned power flow," is a key factor
leading to non-convergence. When the matrix condition
number is excessively large, minor numerical errors can
cause drastic fluctuations in the correction steps. As the
system operating point approaches the static voltage stability
limit, the Jacobian matrix becomes ill-conditioned, resulting
in the failure of solving the correction equations during
the Newton-Raphson iterative process. Particularly under
heavily loaded conditions, the power-voltage sensitivity co-
efficients increase sharply, and the eigenvalue distribution of
the Jacobian matrix tends to diverge, forming a numerically
infeasible region.

The absence of real-number solutions to the power flow
equations further exacerbates the convergence difficulty. As
load increases, the number of power flow solutions decreases
in a pairwise manner until no real-number solutions exist,
indicating that the system operating point lies outside the
feasible region.

Furthermore, under operating conditions that violate op-
erational constraints—such as voltage limit violations or
power imbalance—the mathematical manifestation is a sud-
den change in the structure of the solution space, namely, the
system operating point crossing the stability boundary and
entering an infeasible region. Concurrently, the system may
possess multiple operating solutions. Conventional iterative
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algorithms are prone to becoming trapped in local conver-
gence basins, thereby failing to reach the physically realistic
solution. This phenomenon is particularly pronounced in
distribution networks exhibiting dual-solution characteris-
tics.

B. FEATURE SET OF THE NON-CONVERGENT POWER
FLOW ADJUSTMENT PROCESS
Focusing on the construction of feature indicators for the
dataset of non-convergent power flow adjustment behavior,
this work aims to provide more precise data support for
power system analysis and optimization. To address the
error accumulation and decision-making bias caused by non-
convergence issues in traditional power flow calculations,
multi-source information—including grid topology, equip-
ment parameters, and operational states—is integrated to
build a high-dimensional dataset encompassing both static
features and dynamic behaviors.

First, based on the dynamic response characteristics of
electrical parameters, core indicators such as voltage devi-
ation rate, power angle oscillation amplitude, and line load
margin are extracted to quantify the transient changes in
system states during the adjustment process. The voltage
deviation rate is defined as the relative change in node volt-
age magnitude before and after adjustment, while the power
angle oscillation amplitude is calculated as the standard
deviation of phase angle differences to capture the evolution
pattern of stability.

Second, for the sequence of adjustment behaviors, time-
series feature indicators are constructed, including adjust-
ment action trigger frequency, response delay time, and
power correction gradient. Sliding window analysis is em-
ployed to reveal the periodicity and burstiness of behavioral
patterns. Furthermore, statistical distribution features—such
as the skewness, kurtosis, and information entropy of ad-
justment quantities—are introduced to evaluate the concen-
tration and uncertainty of behavioral distributions.

The core feature metric set

Ri = {Pmax,i, Pave,i, Pflu,i, Tp,i}

is constructed by selecting the maximum/minimum per-unit
values, fluctuation rate (standard deviation of the power
change rate between adjacent time steps), and anomaly
duration during the power flow recovery process, in order to
characterize the differentiated dynamic features of the non-
convergent power flow adjustment behavior dataset. Here,
the fluctuation rate is expressed as:

Pflu =

T∑
t=2

|Pt − Pt−1|
T − 1

where Pt and Pt−1 denote the power flow at time t and the
preceding time step t−1, respectively, and T represents the
total sample duration.

Based on the extracted feature metric set of non-
convergent power flow adjustment behavior, conditional

inputs are fed into the generator model to guide its learning
of the mapping relationship between adjustment actions and
the dynamic characteristics of power flow.

III. CONDITIONAL GENERATIVE ADVERSARIAL
NETWORK MODEL AND ITS IMPROVEMENTS
A. CONDITIONAL GENERATIVE ADVERSARIAL
NETWORK (CGAN)
Given that non-convergent power flow adjustment is con-
strained by multidimensional conditions, a CGAN is em-
ployed. By introducing a conditional information embedding
mechanism, the multi-factor labels of non-convergent power
flow adjustment are incorporated as a conditional vector,
and prior constraints are added on both the generator and
the discriminator, thereby achieving conditional guidance
throughout the data generation process [22]. The network
structure is illustrated in Figure 1.

FIGURE 1. Basic structure of CGAN

CGAN achieves conditionally guided sample generation
and discrimination through adversarial optimization [23].
The generator G takes a latent noise vector z and a condi-
tional variable c as inputs, producing a synthetic sample x′

= G(z|c) via nonlinear mapping. Subsequently, the condition
c is concatenated with both the real sample x and the
generated sample x′, respectively, before being fed into
the discriminator D to evaluate the proximity between the
probability distributions of the generated and real data.
The generator aims to ensure that x′ approximates the real
sample x as closely as possible under the constraint of
condition c; whereas the discriminator strives to maximize
the distinguishability between x and x′ while ensuring that
x′ conforms to condition c. The loss functions for the
generator and discriminator, along with the overall training
objective function of the CGAN, are formulated as:

LossG = −Ex′∼p(x′)[D(x′|c)]
LossD = −Ex∼p(x)[D(x|c)]

+ Ex′∼p(x′)[D(x′|c)]
min
G

max
D

V (D,G) = Ex∼p(x)[D(x|c)]

− Ex′∼p(x′)[log(1−D(x′|c))]
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where E denotes the expectation operator, and p(x) and
p(x’) represent the probability distributions of the real
samples and the generated samples, respectively.

B. EXTREME VALUE THEORY (EVT)
Extreme Value Theory (EVT) employs mathematical models
to characterize the extreme deviation properties and the
asymptotic tail behavior of probability distributions, en-
abling the quantitative analysis of extreme event probabili-
ties and the extrapolation of extreme scenarios beyond the
observed sample data. The Generalized Pareto Distribution
(GPD), which integrates the core characteristics of the
heavy-tailed Pareto distribution and the light-tailed expo-
nential distribution, can accurately describe the probability
distribution patterns of extreme values in random variables
[24]. Its cumulative distribution function is expressed as:

Gσ,ξ(x) =

1−
(
1 +

ξx

σ

)−1/ξ

, ξ ̸= 0,

1− exp
(
−x

σ

)
, ξ = 0.

where σ and ξ represent the scale parameter and shape
parameter, respectively.

For the multidimensional small-probability or extreme
variables in the context of non-convergent power flow
adjustment, the Peaks Over Threshold (POT) method is
adopted to extract extreme data exceeding a critical thresh-
old for constructing the tail model. A sufficiently high
threshold satisfying asymptotic extremal properties (typ-
ically set at the 95% quantile level) is defined. Under
this condition, the distribution of the excess sequence x-
u is characterized by the GPD, with its shape and scale
parameters estimated via maximum likelihood estimation:

lim
u→x̄

sup
0≤x<x̄−u

∣∣Fu(x)−Gσ(u),ξ(x)
∣∣ = 0

where u denotes the threshold, x̄ represents the right end-
point of the distribution, and Fu is the excess distribution
function defined as:

Fu(x) = P (X − u ≤ x | X > u).

C. LONG SHORT-TERM MEMORY NETWORK (LSTM)
LSTM network integrates a gating system comprising a
forget gate, an input gate, and an output gate, thereby con-
structing a neuron structure endowed with dynamic memory
capability.

FIGURE 2. LSTM basic unit structure

Configuring input data x1, x2, . . . , xt, inputing vector xt

at time t, and conducting a parameterized linear transforma-
tion with the hidden unit from the previous time step ht−1,
the current hidden unit ht is generated.

The forget gate, based on the current input and the
previous hidden state, generates a control signal within the
range [0, 1] through a Sigmoid activation function. This
signal quantifies the extent to which information from the
previous memory cell state is retained or discarded. When
the output approaches 1, the memory cell state is fully
preserved; when it approaches 0, historical information is
selectively forgotten. This mechanism effectively mitigates
the gradient vanishing problem [25].

ft = sigmoid(wxfxt + whfht−i + bf )

where ft denotes the output of the forget gate at time step
t, and Wf and bf represent the weight matrix and the bias
term of the forget gate, respectively.

The input gate operates through the coordinated action
of a Sigmoid layer and a tanh layer. The former generates
weighting coefficients for information updates, while the lat-
ter produces a candidate vector. These two components are
then multiplied element-wise to form the new information
to be injected into the memory cell at the current time step.
This mechanism effectively filters out noise interference
from the input data, selectively integrates salient features
into the memory cell, and thereby enhances the network’s
capability to characterize the complex data flow associated
with non-convergent power flow adjustment.

it = sigmoid(wxixt + whiht−i + bi)

C̄t = tanh(wxcxt + whcht−i + bc)

where it denotes the output of the forget gate at time step t,
[Whi,Wxi] and bi represent the weight matrix and bias term
of the forget gate, respectively, C̄t is the candidate memory
cell content generated at the current time step, wxc is the
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weight matrix used to compute the candidate memory cell
content, and bc is the corresponding bias term.

The output gate also employs a Sigmoid activation func-
tion to generate output weighting coefficients based on
the updated memory cell state. These coefficients are then
combined with the memory information from tanh trans-
formation, dynamically regulating the output of the hidden
state at the current time step. Leveraging the synergistic
action of the gating mechanisms, the LSTM can effectively
model long-range temporal dependencies. Through selective
flow and storage of information, it significantly enhances
robustness and feature representation capability in complex
non-convergent power flow adjustment tasks.

Ct = ft ⊗ Ct−1 + it ⊗ C̄t

ot = sigmoid(wxoxt + whoht−i + bo)

ht = ot tanh(Ct)

where ot denotes the output value of the output gate,
[Who,Wxo] and bo represent the weight matrices and bias
term, respectively.

IV. DATASET AUGMENTATION METHOD FOR
NON-CONVERGENT POWER FLOW ADJUSTMENT
BEHAVIOR
A. DATASET AUGMENTATION FRAMEWORK
NON-CONVERGENT POWER FLOW ADJUSTMENT
BEHAVIOR
To enhance the model’s feature extraction capability for the
temporal characteristics of non-convergent power flow ad-
justment behavior indicators, an EVT-LSTM-CGAN-based
augmentation model for non-convergent power flow adjust-
ment behavior datasets is proposed, with its framework
illustrated in Figure 3.

The core of the framework lies in establishing a mapping
relationship between non-convergent power flow adjustment
behavior and the dataset encompassing the entire adjustment
process. The adversarial training mechanism ensures the dis-
tributional fidelity of generated samples, while the temporal
gating units extract dependency relationships within data
sequences, achieving joint optimization of data generation
quality and temporal dependency modeling.

First, a distribution shifting algorithm based on EVT is
designed to extract tail characteristics from historical data,
thereby augmenting samples of non-convergent power flow
adjustment behavior and mitigating the scarcity of low-
probability event samples. Second, LSTM networks are
embedded into both the generator and discriminator struc-
tures of the CGAN to strengthen dynamic feature modeling
and capture long-range dependencies during the power flow
recovery process. Subsequently, a quantitative feature metric
system for non-convergent power flow adjustment behavior
data is constructed. This system establishes a quantitative
mapping between the adjustment process and the behavioral
dataset, generating a standardized input vector set to provide

FIGURE 3. Dataset augmentation framework for the non-convergent power
flow adjustment behavior based on LSTM-CGAN

interpretable guiding parameters for the generator. Finally,
a "Conditional Parameter–Feature Mapping–Scenario Gen-
eration" architecture is established. Through conditionally
constrained adversarial generative training, it achieves the
targeted generation of scenario-specific samples for the non-
convergent power flow adjustment behavior dataset.This
framework, via the synergistic mechanism of data aug-
mentation, temporal modeling, and conditional constraints,
accomplishes the enhancement of both the non-convergent
power flow adjustment behavior and the dataset covering
the complete adjustment process.

B. DATA AUGMENTATION FOR NON-CONVERGENT
POWER FLOW ADJUSTMENT BEHAVIOR
An iterative extreme data augmentation method is pro-
posed, which integrates EVT and CGAN to construct an
extreme-value-oriented distribution transformation model.
This model enhances the adversarial network’s capability to
model anomalous scenarios by shifting data features toward
the extreme-value domain and reconstructing the probability
space of historical data. Here, EVT is employed to model the
tail characteristics of the data, while CGAN is responsible
for achieving high-dimensional distribution matching.

First, the Peaks Over Threshold (POT) method is em-
ployed to extract extreme samples from historical data,
based on which a GPD is fitted. Subsequently, synthetic data
are generated using a CGAN and iteratively concatenated
with the original data, progressively shifting the overall
data distribution toward the tail characteristics of the GPD,
thereby achieving effective augmentation of extreme data.

Given a dataset containing n samples, they are first
sorted in descending order according to an extreme-value
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metric. The top c·n extreme samples are selected to form
the initial training set. A CGAN is trained on this subset
to generate [(n-cn)/c] candidate samples. Similarly, by ap-
plying extreme-value screening to these candidates, n-c·n
samples are retained and merged with the initial extreme
samples to form the training set for the next iteration.
During training, a parameter inheritance strategy is adopted,
where the generator’s network parameters from the current
round are used as the initial values for the next round of
training, significantly improving training efficiency. Through
this iterative optimization process, the distribution of the
generated data progressively approximates the theoretical
extreme tail distribution while ensuring training stability.

C. DATASET GENERATION FOR NON-CONVERGENT
POWER FLOW ADJUSTMENT BEHAVIOR
The LSTM mechanism is introduced to enhance the EVT-
CGAN data augmentation model. Specifically, LSTM is
employed to extract implicit features from non-convergent
power flow adjustment behavior data, namely the trend
information that evolves with multi-dimensional factors and
is difficult to quantify. The LSTM architecture processes in-
put data through temporal iteration, outputting fixed-length
feature vectors at each time step. These hidden states serve
as conditional inputs to the generative network to drive the
synthesis of sequential data. The model as a whole relies
on CGAN to generate new content while utilizing LSTM to
accomplish implicit feature learning.

vn+1 = argmax
vn+1

P (vn+1 | ṽn−j+1, ṽn−j+2, . . . , ṽn)

= argmax
x

P (G(z) | ṽn−j+1, ṽn−j+2, . . . , ṽn)

≈ argmax
x

P (G(z) | flstm(ṽn−j+1, ṽn−j+2, . . . , ṽn))

≈ G(ht)

where vn+1 denotes the predicted value or output
at time step n + 1; argmax indicates the parameter
or state when vn+1 takes the maximum probability;
P (vn+1|ṽn−j+1, ṽn−j+2, . . . , ṽn) is the conditional proba-
bility representing the prediction of the output at time step
n+ 1 given the data from the past j time steps; fLSTM is
the LSTM function (or model) that processes historical data
and produces a fixed-dimensional vector representation; ṽn
represents the actual observed historical data points; and ht

denotes the hidden state of the LSTM at time t, which serves
as the final input to the generator.

The generator receives two core inputs: first, the temporal
feature vector extracted from historical data by the LSTM
network; second, artificially configured extreme condition
parameters, encompassing a multi-dimensional indicator
vector that characterizes the behavior under non-convergent
power flow adjustment.

The model workflow comprises two core stages: temporal
feature encoding and conditional generation. In the temporal

feature encoding stage, an LSTM network is employed to
perform temporal feature extraction on the input condi-
tional sequence of non-convergent power flow adjustment
behavior. Leveraging its gating mechanisms, the LSTM
captures dependencies between time steps and compresses
the variable-length sequence into a fixed-dimensional se-
mantic vector, thereby achieving a high-level semantic
representation of the adjustment behavior. A dual-hidden-
layer structure is utilized to reduce data redundancy and
handle the non-stationarity and long-range dependencies
inherent in non-convergent power flow adjustment behavior
data. The output latent vector carries scene-variation driving
information and serves as a condition vector imbued with
temporal context for the generator.

During the conditional generation and adversarial learning
stage, the feature vector output by the LSTM is concatenated
with a random noise vector and fed into the generator. The
generator, through multiple layers of nonlinear transforma-
tions, produces scenario sequences that conform to specific
non-convergent power flow adjustment behaviors. Simulta-
neously, the discriminator receives both real and generated
scenario data of non-convergent power flow adjustment
behavior. Through adversarial training, the generator pa-
rameters are optimized to encourage the generated data to
closely match the real data in terms of statistical distribution,
temporal characteristics, and conditional labels. The CGAN
explicitly controls the generation process via conditional
signals, enabling the targeted synthesis of different non-
convergent power flow adjustment behavior scenarios.

To address the issues of gradient competition where
the generator dominates optimization) and reduced feature
extraction efficiency due to information redundancy, which
arise during joint training when the generator has more
parameters than the LSTM encoder, a phased optimization
strategy is adopted during training to balance generation
quality and feature learning. In the first phase, the CGAN
generator is trained separately to learn the fundamental
distribution patterns of the non-convergent power flow ad-
justment behavior dataset. In the second phase, the generator
parameters are fixed, and training focuses on the LSTM
network to uncover latent driving factors. This approach
mitigates the dominance problem caused by the generator’s
numerical advantage in neuron count and enhances the
model’s interpretability regarding the change mechanisms
of non-convergent power flow adjustment behavior.

D. ACCURACY EVALUATION METRIC SYSTEM FOR
SAMPLE AUGMENTATION
A multi-dimensional comprehensive evaluation framework
encompassing data augmentation accuracy, uncertain feature
fitting, and low-probability tail characterization efficacy is
constructed. Each evaluation metric [26-27] is based on the
sample statistical mean, and a lower metric value indicates
a higher degree of alignment between the distribution of
generated samples and the ground truth, signifying superior
model performance.
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1) Energy Score (ES)
ES constructs a quantitative assessment framework for
distributional differences between generated and real data
by integrating fitting-error and diversity-error metrics,
thus,suitable for evaluating the performance of data aug-
mentation and sample generation models.

ES = Pj

N∑
j=1

∥∥∥Zt − Ẑ
(j)
t

∥∥∥
2

− 1

2
PiPj

N∑
i=1

N∑
j=1

∥∥∥Ẑ(i)
t − Ẑ

(j)
t

∥∥∥
2

where Pi and Pj denote the probabilities of generated sce-
narios i and j, respectively; and Zt, Ẑ

(i)
t , Ẑ(j)

t represent the
real non-convergent power flow adjustment behavior dataset
at time t, and the corresponding datasets for scenarios i and
j, respectively.

2) Continuous Ranked Probability Score (CRPS)
The CRPS quantifies the discrepancy between the cu-
mulative distribution of generated samples and the true
probability distribution, thereby evaluating the calibration
performance of the data augmentation method.

CRPS =
1

T

T∑
t=1

(
1

N

N∑
i=1

|si,t − Preal,t|

− 1

2N2

N∑
i,j=1

|si,t − sj,t|


where si,t and sj,t denote the non-convergent power flow
adjustment behavior datasets of the i-th and j-th generated
scenarios at time t, respectively.

3) Variogram Score (VS)
VS constructs an evaluation framework for assessing the
fitting accuracy of correlation structures between augmented
generated samples and real data by quantifying the differ-
ences in variability at different lag distances.

V S =

T∑
t=1

(
|Preal,t − Preal,t′ |1/2

− 1

W

W∑
w=1

|sw,t − sw,t′ |1/2
)2

where Preal,j denotes the real non-convergent power flow
adjustment behavior dataset at time j; sw,t and sw,t′ rep-
resent the generated non-convergent power flow adjustment
behavior datasets of the w-th scenario at times t and t′,
respectively.

4) Pinball Score (PS)
The PS metric establishes a validation mechanism for the
effectiveness of the generation method by measuring the ab-
solute deviation between quantiles of the generated sequence
and the actual values.

PS =
1

T

t+T∑
i=t+1

(Pi, Qi)

=

{
(µc − 1)(Preal,i −Qµc,i), Preal,i < Qµc,i,

µc(Preal,i −Qµc,i), Preal,i ≥ Qµc,i.

where µc is the value of the sample cumulative distribution
function, taken at intervals of 0.05; Preal,i and Qµc,i de-
note the measured value of the non-convergent power flow
adjustment behavior dataset at time i and the corresponding
generated value at the µc-quantile, respectively.

5) Autocorrelation Coefficient (ACC)
The AC assesses the consistency of temporal statistical
characteristics between the augmented generated power flow
dataset and the measured power flow data by evaluating the
correlation of temporal outputs over

AC(τ) =
E[(St − µ)(St+τ − µ)]

σ2

where S denotes the temporal data, µ and σ are the mean
and variance of the sequence, τ represents the time lag, and
E denotes the expected value of the power flow difference.

V. CASE STUDY
A. CASE SETTING
An empirical analysis is conducted using power flow sim-
ulation and non-convergent adjustment data from a high
renewable-penetration region in East China, effectively mit-
igating the interference of geographical and environmental
disparities on model training. A training set is constructed
based on a typical dataset of non-convergent power flow
adjustment behavior, followed by feature engineering and
model parameter optimization. Simultaneously, a portion of
the data is reserved as a test set to enable quantitative
validation of the effectiveness of the data augmentation
method.

The empirical analysis follows a technical pathway of
"Data Preprocessing – Model Training – Scenario Genera-
tion – Effectiveness Verification – Comparative Analysis."
Based on the scenario accuracy evaluation metric system,
a quantitative assessment of the generation method is con-
ducted. By comparing the proposed dataset augmentation
model for non-convergent power flow adjustment behavior
with samples generated by CGAN and LSTM-CGAN, the
analysis reveals the significant advantages of the proposed
model in handling datasets of non-convergent power flow
adjustment behavior.
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B. GENERATION AND PERFORMANCE EVALUATION OF
TYPICAL SCENARIOS
Holding out a portion of the dataset from model training
serves to effectively validate the robustness of the generative
model. Typical power flow scenario data are selected as
input for training, while the test set comprises measured
data. Visual comparisons are conducted between randomly
generated samples and the test set.

The heavy-load operating scenario is interpreted as a
condition where the system load level approaches or exceeds
the transmission network’s transfer limit, often leading to
non-convergence in power flow calculations. Specific mani-
festations include: concentrated regional loads and excessive
power demand at load centers, causing power flow limits
on relevant transmission interfaces to be violated; limited
generator outputs, with critical units reaching their capacity
ceilings and unable to provide sufficient power support; and
deteriorating voltage stability, where voltage magnitudes at
load nodes continuously drop beyond acceptable operational
ranges.

High penetration of renewable energy introduces distinc-
tive non-convergence issues. For example, abrupt fluctua-
tions in renewable power output induce drastic changes in
power flow distribution; system frequency stability declines,
and power-angle oscillations intensify.

This paper selects the above scenarios as the vali-
dation baseline for the dataset augmentation model of
non-convergent power flow adjustment behavior. This ap-
proach effectively assesses the model’s capability to capture
and interpret the correlated features within complex non-
convergent adjustment data, provides a more comprehensive
evaluation of model robustness and generalization perfor-
mance, and offers higher representativeness and demonstra-
tive power.

Figure 4 presents a comparison between randomly se-
lected generated samples and test samples under the heavy-
load operating scenario. Compared with the actual scenario
values, the generated non-convergent power flow adjustment
behavior data exhibit no significant deviation or fluctuation,
maintaining highly similar dynamic characteristics. Further-
more, the value range of the generated scenarios fully covers
that of the actual samples, indicating that the proposed
method can effectively achieve sample augmentation that
preserves the essential characteristics of the non-convergent
power flow adjustment behavior dataset.

FIGURE 4. Comparison between randomly generated samples and measured
samples under heavy-load operation scenarios

C. COMPARATIVE ANALYSIS OF GENERATED
SCENARIOS
The construction of the scenario evaluation system priori-
tizes two dimensions: dispatch practicality and data-fitting
accuracy. Focusing on the core requirements of power flow
simulation, it systematically compares power flow charac-
teristic parameters under extreme operating conditions. As
shown in Tables 1-2, the synthesized data achieve over
90% consistency in key feature indicators under critical
scenarios, confirming the model’s generation efficacy in
complex power flow adjustment scenarios.

TABLE 1. Accuracy of power flow characteristic indicators for generated
samples under heavy-load operating scenarios (%)

Method Pmax Pmin Pflu Tp

CGAN 94.5 94.3 91.8 91.9
LSTM-CGAN 96.6 97.0 93.7 94.4
LSTM-EVT-CGAN 97.0 97.1 95.2 94.7

TABLE 2. Accuracy of power flow characteristic metrics for generated
samples under high renewable-penetration scenarios (%)

Method Pmax Pmin Pflu Tp

CGAN 93.6 90.4 89.7 90.1
LSTM-CGAN 94.9 94.0 92.8 91.9
LSTM-EVT-CGAN 95.4 95.5 93.3 92.5
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FIGURE 5. Comparison between randomly generated samples and measured
power flow samples under heavy-load operating scenarios

FIGURE 6. Comparison between randomly generated samples and measured
power flow samples under high renewable-penetration scenarios

Figures 5 and 6 present the matching of dynamic char-
acteristics between generated samples and independent test
samples. The concordance analysis demonstrates that the
proposed method effectively extracts implicit features of
the power flow recovery process and accurately reproduces
the key data characteristics of non-convergent power flow
adjustment behavior in typical scenarios.

To thoroughly validate model performance, a multi-
dimensional evaluation metric system is constructed to
quantitatively assess the temporal features and statistical
properties of the generated samples. As shown in Tables
3-4, compared to the baseline models CGAN and LSTM-
CGAN, the proposed LSTM-EVT-CGAN exhibits signifi-
cant advantages across key evaluation metrics, confirming
its superior modeling capability in complex power flow
adjustment scenarios.

TABLE 3. Evaluation metrics for generated samples under heavy-load
operating scenarios

Method ES CRPS VS PS

CGAN 0.427 0.049 9.625 0.065
LSTM-CGAN 0.405 0.041 9.422 0.060
LSTM-EVT-CGAN 0.314 0.033 9.071 0.049

TABLE 4. Evaluation metrics for generated samples under high
renewable-penetration scenarios

Method ES CRPS VS PS

CGAN 0.379 0.043 8.662 0.056
LSTM-CGAN 0.363 0.036 8.401 0.052
LSTM-EVT-CGAN 0.288 0.025 8.330 0.043

Given the isomorphic nature of the dataset augmen-
tation and generation pipeline for non-convergent power
flow adjustment behavior, and considering the representative
research value of power flow mismatch issues under high
renewable-penetration scenarios, this type of scenario is
selected as the core research subject. For the three gen-
erative models—CGAN, LSTM-CGAN, and LSTM-EVT-
CGAN—the box plots of the AC between their constructed
non-convergent power flow adjustment behavior datasets
and the measured temporal output (Figures 7 - 9) demon-
strate that the synthetic data achieve a higher goodness-of-fit
in temporal correlation with the measured data. This verifies
the models’ capability to accurately reproduce the statistical
characteristics of complex power flow adjustment behavior.

FIGURE 7. Box plot of ACC between scenario sample sets generated by
CGAN and measured power flow samples
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FIGURE 8. Box plot of ACC between scenario sample sets generated by
LSTM-CGAN and measured power flow samples

FIGURE 9. Box plot of ACC between scenario sample sets generated by
LSTM-EVT-CGAN and measured power flow samples

The autocorrelation coefficient (ACC) of samples gen-
erated by the conventional CGAN shows a significant de-
viation from the measured sequence, reflecting its limited
capability in modeling power flow dynamic correlations. In
contrast, the ACC of scenario samples generated by LSTM-
CGAN and LSTM-EVT-CGAN can cover the range of the
measured sample ACC and exhibit strong consistency in
variation patterns. Further analysis reveals that the propor-
tion of ACC outliers in samples generated by the LSTM-
enhanced CGAN models is significantly lower than that in
the conventional CGAN, validating the enhancing effect of
LSTM on the temporal modeling ability of the generator-
discriminator pair. Notably, the median ACC of extreme
scenario samples generated by LSTM-EVT-CGAN is closer
to the ACC of the measured temporal output and shows a
lower degree of deviation. This confirms that the extreme
value theory-driven data augmentation strategy can effec-
tively improve the model’s learning efficiency for temporal
correlations during the power flow recovery process and

strengthen its capacity to characterize complex temporal
dependencies.

It is worth noting that the sample augmentation effect
under heavy-load operating scenarios is slightly superior
to that under high renewable-penetration scenarios, rooted
in the differences in the underlying data generation mech-
anisms. The former exhibits pronounced daily periodicity
and nonlinear unimodal characteristics, with power flow
feature distributions being relatively concentrated, allowing
the model to capture stable mapping relationships from
historical data more easily. The latter, however, is jointly
influenced by spatiotemporally stochastic meteorological
variables; the temporal fluctuations of power flow contain
more non-stationary, multi-scale coupled complex features,
requiring the learning of more intricate multivariate con-
ditional mappings. This imposes higher demands on the
model’s ability to capture long-range dependencies and
high-dimensional nonlinear dynamics.

VI. CONCLUSION
Focusing on the shortcomings of traditional power flow
sample generation methods in implicit feature extraction and
the lack of interpretability in generated scenarios, this paper
proposes a dataset augmentation method for non-convergent
power flow adjustment behavior based on an improved
CGAN. By integrating EVT with the CGAN, a data aug-
mentation framework is constructed. The developed feature
metric system for the non-convergent power flow adjustment
behavior dataset as conditional input, an enhanced CGAN
model for dataset augmentation is designed, improved via
LSTM networks. Validation through case studies leads to
the following conclusions:
1) The data augmentation method integrating EVT and
CGAN effectively addresses the scarcity of samples for non-
convergent power flow adjustment behavior and significantly
improves model training efficiency. By optimizing both the
generation and discrimination processes with LSTM, and
simultaneously constructing a feature vector set to enhance
the generator’s ability to map the association between typ-
ical non-convergent power flow scenarios and the adjust-
ment behavior dataset, the method achieves feature-oriented
generation of the non-convergent power flow adjustment
behavior dataset.
2) The proposed model efficiently extracts implicit features
from non-convergent power flow adjustment behavior data,
enhancing its learning efficacy for temporal dynamic char-
acteristics. Consequently, the accuracy rates of both the
scenario evaluation metrics and the power flow characteristic
indicators for the generated samples corresponding to non-
convergent adjustment behavior are improved. The sample
sets of the non-convergent power flow adjustment behavior
dataset generated by the model for various typical non-
convergent power flow scenarios can more reasonably char-
acterize extreme power flow recovery properties. Compared
with the conventional CGAN model, it demonstrates higher
generation quality and stronger interpretability.
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